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Abstract. Understanding how flood frequency changes under non-stationary hydro-climatic conditions remains a key challenge

in hydrology. This study presents a Bayesian process-based framework for flood frequency analysis that explicitly accounts for

the seasonal dependence of rainfall–runoff processes and their sensitivity to climate change. The approach links an event-based

rainfall–runoff model with probabilistic representations of storm, soil moisture, and catchment response, allowing the joint

propagation of uncertainty from climate drivers to flood quantiles. The process-based structure of the framework also enables5

the disentangling of individual flood drivers, such as the upward shift of the zero-degree isotherm, long-term changes in soil

moisture regimes, and variations in precipitation intensity. The framework is implemented in Austrian hotspots, i.e. groups of

similar catchments, using long-term hydrometeorological records and regional climate projections (EURO-CORDEX). Results

show that (i) changes in flood frequency are primarily driven by projected increases in precipitation intensity, while temperature

and soil moisture act as modulators or amplifiers of this signal; (ii) precipitation changes have larger but more uncertain impacts10

on floods than temperature and soil moisture variations; (iii) the expected reduction in soil moisture tends to mitigate frequent

floods but has mores limited influence on rare events. The proposed methodology provides a transferable tool for assessing

climate-sensitive flood hazards in non-stationary environments.

1 Introduction

Floods are among the most damaging natural hazards worldwide, and their frequency and magnitude are undergoing substan-15

tial modification under changing hydroclimatic conditions. Several studies have documented significant shifts in flood regimes

across Europe and globally, driven by changes in precipitation, snowmelt, and soil moisture dynamics (Blöschl et al., 2019).

The European Floods Directive (2007/60/EC) explicitly recognizes the need to account for climate change in flood risk assess-

ment, while the Intergovernmental Panel on Climate Change (IPCC) emphasizes that intensification of the hydrological cycle
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will likely alter the frequency and severity of floods in many regions (Camici et al., 2014). Recent evidence from Austria shows20

marked increases in both daily and hourly heavy rainfall over the past four decades, about 8% and 15%, respectively, consis-

tent with Clausius–Clapeyron scaling and regional temperature increases (Haslinger et al., 2025). However, the link between

precipitation change and flood change is not straightforward. While daily heavy rainfall changes are consistent with flood

increase in large catchments, flood increases in small catchments (25% over the last four decades) are stronger than hourly

rainfall changes (Haslinger et al., 2025). Moreover, while Westra et al. (2014) found that short-duration rainfall extremes have25

intensified across much of Europe, flood magnitude trends remain spatially heterogeneous, suggesting the concurrent influence

of multiple controlling factors.

In addition to precipitation, another main factor modulating the rainfall–flood relationship is the antecedent catchment con-

dition. Soil moisture and storage state determine how rainfall is partitioned between infiltration and direct runoff, and thus

strongly influence the flood response (Merz and Blöschl, 2003). Numerous studies have shown that antecedent wetness plays30

a dominant role in shaping flood volume, particularly for smaller and more frequent floods, while for large, rare floods, pre-

cipitation intensity tends to prevail (Bennett et al., 2018; Wasko et al., 2021; Ho et al., 2023). This dual control implies that

both precipitation and antecedent conditions must be jointly considered to understand and predict flood regime changes. An-

tecedent catchment conditions are reflected in the event runoff coefficient which represents the share of precipitation directly

contributing to the runoff. A general decrease of runoff coefficients is expected with increasing temperatures meaning that35

possible rainfall increases may be offset by drier soils. Moreover, Wasko et al. (2021) found that an increase in variability of

runoff coefficients is expected across most locations, resulting in increased variability in floods. Runoff coefficient also vary at

event-scale according to different precipitation characteristics. Merz and Blöschl (2003) found that runoff coefficients tend to

increase with rainfall depth for long-rain floods, while it exhibit a larger scatter for flash floods (saturation vs infiltration excess

runoff generation mechanism).40

Snow storage and snowmelt also play a crucial role in modulating flood response, particularly in temperate and cold regions. In

snowmelt-dominated or mixed rain–snow regimes, flood generation is strongly influenced by the timing and energy available

for melt, which constrains the upper tail of the flood frequency curve (Merz and Blöschl, 2003, 2008). Observed reductions in

snow cover extent and earlier melt peaks across the Northern Hemisphere (Estilow et al., 2015; Madsen et al., 2014) indicate

that warming temperatures are already altering snow-driven flood regimes. The hydrological effects of these changes depend45

on regional flood seasonality and the mixing of flood-generating processes. For instance, snowmelt changes mainly affect

small spring floods in southern Alpine catchments, but can influence the entire flood frequency curve in northern Europe

(Merz and Blöschl, 2003; Kemter et al., 2020). Recent attribution studies highlight the importance of changes in precipitation,

soil moisture and snowmelt in shaping flood regime shifts across Europe (Bertola et al., 2021), pointing to the need for a

process-based understanding of how different flood generation mechanisms respond to climate forcing.50

Given these complexities, a wide range of methods has been developed for estimating design floods. These can broadly be

classified into (a) statistical, (b) deterministic, and (c) hybrid or derived approaches (Rogger et al., 2012; Hall et al., 2014;

Winter et al., 2019). Statistical methods fit probability distributions to observed peak flows and provide robust estimates when

long, stationary records exist. Deterministic methods, such as the design storm approach, simulate catchment response to
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prescribed rainfall events and are more suited to engineering applications but rely on critical assumptions regarding storm55

duration, shape, and antecedent soil moisture (Camici et al., 2011). Hybrid or derived flood frequency approaches combine

both statistical and physical representations. Initially formulated by Eagleson (1972) and further developed by Sivapalan et al.

(2005), they link stochastic descriptions of rainfall to rainfall–runoff models to derive the flood frequency curve analytically

or through Monte Carlo simulation. These approaches enable a process-based interpretation of flood probabilities, directly

connecting storm characteristics, catchment response, and hydrological variability. For example, Viglione et al. (2009) used60

this approach to examine the effect of event runoff coefficients on the relationship between rainfall and flood return periods.

The increasing computational power and availability of stochastic rainfall models have further promoted their application for

assessing flood response under climate and land-use change (Rogger et al., 2012; Winter et al., 2019).

The derived flood frequency concept provides an ideal framework for integrating process understanding into flood estimation

and for exploring the physical drivers of flood change. In particular, event-based formulations (Ball et al., 2016; Ho et al.,65

2023) allow the explicit consideration of storm properties and rainfall-runoff interactions, which are both sensitive to climatic

drivers. The capacity to model these physical processes makes derived approaches particularly valuable for projecting future

flood hazard under non-stationary climate conditions. As pointed out by Merz and Blöschl (2003); Merz et al. (2022), gaining

knowledge on the physical mechanisms controlling flood generation is essential for improving predictive reliability, rather

than relying solely on statistical distribution approaches. In this study, we build on this concept to explicitly disentangle the70

effects of individual flood generation mechanisms to analyse how their relative importance and associated flood frequencies

are projected to change under future climatic conditions.

Bayesian inference has emerged as a powerful methodological complement to process-based flood analysis. Bayesian frame-

works enable the explicit representation of uncertainty in both parameters and model structure, while coherently integrating

diverse data sources and prior hydrological knowledge (Ribatet et al., 2007; Kuczera et al., 2010; Renard et al., 2010; Viglione75

et al., 2013). Within flood frequency analysis, Bayesian methods provide a natural means to link event-scale processes (e.g.,

rainfall intensity, duration, runoff coefficient, soil moisture) to flood statistics and to propagate uncertainties from climate

drivers through to flood quantiles (Meresa et al., 2021; Costa and Fernandes, 2017). Moreover, they allow for hierarchical

modeling of catchment similarity and facilitate the pooling of information across regions, enhancing robustness in data-scarce

environments.80

Despite the progress made in recent decades, most existing studies either assume stationary relationships between rainfall and

runoff or treat climatic and hydrological uncertainties independently, thereby limiting their ability to capture the compound

effects of changing precipitation and antecedent conditions. While several process-based and stochastic models have been

proposed for derived flood frequency analysis, few have explicitly accounted for the seasonal dependence of flood generation

mechanisms or their sensitivity to climate forcing. In summary, advancements in flood frequency analysis under climate change85

can be obtained by: (i) moving beyond stationary statistical formulations; (ii) explicitly incorporating physical processes such

as precipitation extremes, antecedent conditions, and rainfall–runoff interactions; (iii) employing Bayesian inference for con-

sistent uncertainty propagation; and (iv) integrating climate model projections to assess the future evolution of flood regimes.
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This study presents a Bayesian, climate-sensitive, event-based framework for derived flood frequency analysis calibrated on

event characteristics, that explicitly accounts for the seasonal dependence of rainfall–runoff processes and their climate sen-90

sitivity. The approach links probabilistic representations of storm, soil moisture, and catchment response through a simple

event-based rainfall–runoff model, allowing the joint propagation of uncertainty from climate forcing to flood quantiles. The

framework is applied to Austrian hydrological hotspots using long-term records and EURO-CORDEX climate projections,

providing a transferable methodology to assess climate-sensitive flood hazards in non-stationary environments. Although the

present study focuses on climate-driven changes, the same framework can be readily applied to assess the influence of other95

drivers of non-stationarity, such as land-use modifications or hydraulic interventions (Hall et al., 2014).

The paper is organized as follows: Section 2 describes the study region. Section 3 outlines the Bayesian stochastic modeling

framework and calibration. Section 4 presents the results on process variability, uncertainty decomposition, and projected flood

frequency changes. Finally, Section 5 discusses the implications of our findings and Section 6 summarizes key conclusions.

2 Study Region100

The study is conducted in Austria, a hydrologically diverse country with complex interactions among topography, climate,

geology, and land use. Elevations range from below 200 m in the eastern lowlands to over 3000 m in the western Alps. This

topographic gradient drives substantial spatial variability in precipitation, which ranges from less than 400 mm yr−1 in the

east to nearly 3000 mm yr−1 in the mountainous west. Land cover reflects the altitudinal zones: lowlands are predominantly

agricultural, mid-elevation regions are forested, and high alpine areas are characterized by sparse vegetation and exposed105

bedrock. (Merz and Blöschl, 2003; Gaál et al., 2012).

Flood drivers differ across the country. In the western Alps, streamflow is significantly influenced by snow and glacier melt,

and most floods occur in summer as a result of frontal systems and, occasionally, convective storms. Snowmelt can enhance an-

tecedent soil moisture conditions, especially for early summer floods. In the southern and southeastern alpine regions, Mediter-

ranean storm tracks cause large autumn floods, while May floods are often dominated by snowmelt. The northern fringe of the110

Alps experiences high rainfall due to orographic enhancement of northwesterly airflows, with summer floods primarily result-

ing from prolonged frontal precipitation and minimal snowmelt contribution. In the eastern lowlands, annual precipitation is

lower, and floods are generally triggered by frontal and convective events in summer, as well as by rain-on-snow processes in

winter. The hilly southeast is particularly prone to short-duration, high-intensity convective storms, which often result in flash

flooding in small catchments (Gaál et al., 2012).115

To enable a more structured assessment of hydrological response variability, attention was focused on a subset of representative

catchment groups, referred to as hotspots (Gaál et al., 2012). These are regions in which flood drivers are relatively uniform

within the group but differ significantly from other regions. They represent end members along the spectrum of flood process

regimes in Austria. Thirteen such hot spots were identified based on hydrological similarity in terms of geology, climate, and

runoff behavior. A subset of 10 out of these 13 hotspots was considered due to data availability. Each of them contains between120

two and five catchments, amounting to a total of 38 catchments across all groups. This subdivision enables targeted analysis of
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dominant processes within distinct hydrological regimes. Details of the hotspots selection procedure are provided in Gaál et al.

(2012)

Figure 1. Case study and 10 out of the 13 hotspots identified by Gaál et al. (2012) with flood seasonality. The hotspots were identified based

on hydrological similarity in terms of geology, climate, and runoff generation processes.

3 Methodology

The framework is organized into three modules. First, flood events are extracted and characterized from the synthetic hydrom-125

eteorological series of the WETRAX weather generator, deriving event-scale variables such as storm intensity and duration,

liquid precipitation ratio, runoff coefficient, and antecedent catchment conditions. Second, these characteristics are used within

a Bayesian stochastic framework to calibrate probabilistic distributions for each process variable; a Monte Carlo simulation

then propagates their joint uncertainty through a linear reservoir rainfall–runoff model, yielding empirical flood frequency

curves for the present period. Third, parameter changes derived from an ensemble of EURO-CORDEX regional climate pro-130

jections are introduced to generate future flood frequency curves, and an ANOVA decomposition attributes total uncertainty to

model calibration, parameter response, and climate forcing spread.
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3.1 Event separation

A robust population of flood events is obtained from the WETRAX+ framework, which integrates a multi-site stochastic

weather generator with a distributed rainfall-runoff model. This setup provides spatially and temporally consistent synthetic135

series of precipitation and air temperature at an hourly resolution, derived from a high-density monitoring network across

Austria, Germany, and the Czech Republic. For this study, a 100-year subset of these hourly meteorological data was utilized.

These inputs were processed through a distributed rainfall-runoff model, specifically calibrated for the Danube and Drava

catchments with an emphasis on high-flow dynamics. This integrated modeling chain ensures a high-resolution characterization

of the rainfall-runoff processes, enabling a robust analysis of flood frequency and peak discharges.140

The R package HydroEvents (Wasko and Guo, 2025) is employed to identify and characterize hydrologically consistent

flood events through a sequence of signal-processing procedures. The method starts with the separation of the discharge time

series into slow (baseflow) and fast response components, under the assumption that flood events are primarily associated with

the latter. Baseflow is separated using the baseflowA recursive digital filter, which applies a filter controlled by a recession

parameter (α= 0.999). The filter is applied iteratively to stabilize the separation and to reduce edge effects, yielding the fast145

response component of the catchment. Flood events are identified on the fast response component using the eventMaxima

function, which detects local discharge peaks and evaluates their hydrological relevance based on both magnitude and temporal

separation. A Peak-Over-Threshold criterion is adopted, with a seasonal threshold set to the 90th percentile of the fast-flow

series, ensuring that only significant runoff responses are retained, and that a sufficient number of events is identified in each

season. In addition, a minimum inter-event time of 72 hours is imposed to enforce statistical independence between successive150

events and to avoid splitting single hydrological responses into multiple artificial events. For each detected peak, the start

and end of the runoff event are delineated using custom procedures based on changes in the discharge trend and relative

threshold criteria, allowing the extraction of the complete event hydrograph associated with each flood peak. Rainfall events

are identified independently using again a Peak-Over-Threshold approach implemented through the eventMaxima function.

The threshold is defined as the 90th percentile of non-zero precipitation values. Finally, rainfall and runoff events are paired155

using the pairEvents function, which matches events occurring within a physically plausible time window. Event pairing

is performed by searching for rainfall events that temporally precede the runoff response, subject to a maximum admissible

lag. This lag is defined based on cross-correlation analysis between precipitation and discharge (see Wasko and Guo, 2022, for

additional details on the R functions).

The selection of thresholds and parameters involved in event separation and matching was guided by extensive sensitivity160

testing. Several alternative configurations were explored, varying percentile thresholds, minimum event separation times, and

baseflow filter parameters. The final setup was chosen as a compromise that ensured the identification of hydrologically plausi-

ble flood events, a consistent temporal correspondence between rainfall and runoff responses, and a sufficient number of events

for robust calibration.

For each matched event, a set of key hydrological and meteorological metrics is computed, including event duration, total165

rainfall, the liquid fraction of precipitation, mean rainfall intensity, runoff volume, fast-response peak flow, peak baseflow, mean
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event temperature, mean temperature over the 100 days preceding the event, and cumulative precipitation over the 100 days

preceding the event. To overcome the limitations of the standard volumetric ratio method, we estimated the runoff coefficient

as an explicit parameter within a simple rainfall-runoff model. Following the approach of Merz and Blöschl (2009), the direct

runoff was simulated using a linear reservoir model characterized by a storage parameter and a constant runoff coefficient.170

The model parameters were calibrated by minimizing the root mean square error between the observed and simulated direct

runoff hydrographs. This procedure is significantly less sensitive to the subjective identification of event start and end points

(Figure 2), as it accounts for the entire recession limb dynamics.
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Figure 2. Example of an event identified by the algorithm in an alpine catchment of hotspot 4 (Hochalp)

Once the event characteristics are obtained, to simplify the relationship between the flood peaks and the event-specific flood

drivers, the WETRAX model is simplified to a linear reservoir rainfall-runoff model, which allows the distinct flood drivers to175

be isolated and their individual contributions to flood peak magnitude to be quantified. The model represents the catchment

response as a standard linear reservoir with response time tc, through which the rainfall time series is convoluted. For a single

storm, the transformation of rainfall to runoff can be expressed by the convolution integral of the exponential unit hydrograph

(UH). Assuming rainfall intensity to be constant over the event duration, the peak flood response is:

qp =ΠQ(i, tr, rc, lr) = rc · lr · im ·
[
1− exp

(
− tr
tc

)]
+ qb (1)180

where rc is the event runoff coefficient, lr the percentage of liquid precipitation, im the mean intensity of rainfall, and tr the

event duration.
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Figure 3 shows a comparison of flood peaks obtained from the WETRAX model and those derived from the simplified linear

reservoir model. The latter are obtained by feeding the event characteristics extracted directly into equation (1), thereby recon-

structing the flood peak for each identified event. Despite a tendency to overestimate flood peaks in the Weinviertel (Weinv) and185

Hochalpen (Hoalp) hotspots, the two models show consistently high correlations across all hotspots, suggesting that the linear

reservoir captures the relevant flood-generating dynamics. Note that the aim is not to reproduce accurately flood magnitudes,

but to isolate the response of flood quantiles to changes in individual climatic drivers.
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Figure 3. Comparison between flood peaks obtained from the WETRAX model and those obtained from the linear reservoir rainfall-runoff

model.

3.2 Stochastic model for flood peaks

Aiming at deriving flood frequency curves for varying driver statistics, the methodology builds upon a stochastic representation190

of event-scale processes, where uncertainty is propagated from climatic inputs (temperature, precipitation) to flood response

through probabilistic models.

The derived flood frequency approach is used to estimate “seasonal” flood frequency curves. Essentially, the model consists of

discrete rainfall events whose durations, average rainfall intensity, and liquid ratio are all random, governed by specified dis-

tributions. A large ensemble of synthetic storm events, reflecting the probabilistic behavior of hydro-meteorological processes,195
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is simulated using a Monte Carlo approach. The non-exceedence probability of annual flood is estimated by generating a large

number of synthetic events, where event runoff coefficient, liquid ratio, storm duration, storm intensity, and baseflow are all

random and governed by specified distributions, calibrated on the flood event characteristics identified.

Storm duration and intensity

The event duration tr is sampled from a 2-parameter Weibull distribution with parameters γr (scale) and βr (shape) (Sivapalan200

et al., 2005; Viglione and Bloschl, 2009).

fTr
(tr) =

βr

γr

(
tr
γr

)βr−1

exp

(
− tr
γr

)βr

(2)

The mean rainfall intensity im is sampled as a Gamma distribution (Martinez-Villalobos and Neelin, 2019), whose shape and

rate parameters depend on the event duration tr. The conditional probability density function is defined as:

fIm|tr,(im|tr) =
λ(tr)

Γ(k(tr))
[λ(tr) · im]

k(tr)−1
exp[−λ(tr) · im] (3)205

The shape k and rate λ of the Gamma distribution are related to storm duration as in Sivapalan et al. (2005):

k(tr) =
t−b2
r

a2

λ(tr) =
t−b1−b2
r

a1 · a2

(4)

The conditional moments are:

E[im | tr] = a1 · tb1r
CV 2[im | tr] = a2 · tb2r

(5)

Here, CV 2 denotes the squared coefficient of variation, which quantifies the relative dispersion with respect to the mean.210

Liquid ratio

The liquid precipitation ratio lr accounts for the proportion of total precipitation that occurs in liquid form during a flood-

triggering event, excluding the part that falls as snow and thus does not contribute to immediate runoff generation. This factor

is sampled using a zero-one inflated Beta distribution (Ospina and Ferrari, 2010), conditional on the event temperature. Specif-

ically, the probability of having fully liquid precipitation (lr = 1) is described by a logistic function of the temperature T :215

Pr(lr = 1 | T ) = p1 =
1

1+ e−(γl·T+δl)
(6)
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For events where 0< lr < 1, the variable is assumed to follow a Beta distribution with parameters depending on tempera-

ture. The mean µlr is modeled as a logistic function of temperature, while the precision parameter ϕlr, which controls the

concentration of the distribution around its mean, is modeled exponentially as:

µlr =
1

1+ e−(µa·T+µb)
; ϕlr = exp(ϕa ·T +ϕb) (7)220

The shape parameters of the Beta distribution are then given by: αlr = µlr ·ϕlr, and βlr = (1−µlr) ·ϕlr.

This formulation allows the model to account for the spatial variability of precipitation phase across the basin: at higher

elevations, solid precipitation is more likely, while at lower elevations, precipitation is predominantly liquid (Allamano et al.,

2009). At lower temperatures, the parameter p1 is small and solid precipitation is likely in a larger portion of the catchment,

while at higher temperatures, the likelihood of fully liquid precipitation increases. For partially solid events (i.e., events with225

both liquid and solid precipitation within the basin), the flexible Beta distribution accommodates the continuous variability in

the liquid fraction. The event temperature T is modeled as normally distributed random variables with mean µT and standard

deviation σT .

Runoff coefficient

The event runoff coefficient rc is treated as a random variable and modeled using the Beta distribution (Gottschalk and Wein-230

gartner, 1998). Runoff coefficient depends on volume of rainfall event and initial conditions of the catchment, the more it rains

the more the soil is saturated and a soil which was already saturated before the event is more likely to produce larger runoff. For

this reason the mean of the runoff coefficient distribution µc is modeled considering a dependence on the volume of precipita-

tion, and the wetness index W100d, calculated as the ratio between the cumulated precipitation over the previous 100 days P100

and the potential evapotranspiration over the 100 days before the beginning of the flood event. The latter is computed using a235

modified version of the Blaney–Criddle equation (ETp = d
(
−1.55+0.96

(
8.128+0.457T

))
· 100d). A logistic formulation

ensures µc ∈ (0,1):

µc =
1

1+exp(−η · (tr · im)− ζ ·W100d +λ)
(8)

where the parameters η, ζ, and λ capture the sensitivity of the runoff coefficient to event precipitation, initial catchment

conditions, and a baseline offset, respectively. The runoff coefficient is modeled to explicitly account for both the precipitation240

volume of the ongoing event and the antecedent hydrological state of the catchment represented by W100d. This choice is

motivated by evidence showing that runoff coefficients correlate more strongly with indicators of deep soil water storage than

with short-term antecedent precipitation indices (Massari et al., 2023). The antecedent temperature T100 is modeled as normally

distributed random variables with mean µT100 and standard deviation σT100 . The cumulative precipitation over the 100 days

preceding the event, P100, is modeled as a lognormal random variable, with mean µP100 and standard deviation σP100 , reflecting245

the strictly positive and right-skewed nature of accumulated rainfall amounts. High values of P100 are associated with wetter
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and less permeable catchment conditions, which tend to increase the runoff coefficient and amplify the flood response to a

given storm.

Baseflow

The event-peak baseflow is sampled as a lognormal distribution with mean µbs and standard deviation σbs. The dependency of250

µbs on precipitation and temperature of the 100 days before the event is given by:

µbs = β0 +β1 ·T100d +β2 ·P100d (9)

For each simulated season, the number of flood-triggering events Ni is drawn from a Poisson distribution with mean m,

representing the expected number of floods occurring in the season (Cupal et al., 2015; Merz et al., 2016). The seasonal

maximum peak discharge qmax,i is then recorded as: qmax,i =max{q1, q2, . . . , qNi
}. This procedure yields a synthetic time255

series of 106 seasonal maxima, suitable for frequency analysis, allowing to obtain empirical flood frequency curves.

Although the model involves a relatively large number of parameters, this complexity is offset by a major advantage over

traditional calibration approaches. Indeed, the model is calibrated on flood event characteristics rather than directly on the peak

discharge. This allows the calibration to target the underlying flood-generation mechanisms, improving the ability of the model

to reproduce the processes controlling flood formation.260

It is worth noting that the event characteristics used for calibration are pooled across all catchments within each hotspot. The

primary motivation for this choice is to obtain a substantially larger sample of flood events, which improves the robustness

of the Bayesian calibration and reduces parameter uncertainty. The resulting posterior distributions therefore reflect not only

the temporal variability of hydro-meteorological processes within individual catchments, but also the spatial variability among

catchments belonging to the same group. This is consistent with the regionalization rationale underlying the hotspot definition,265

which assumes sufficient hydrological similarity within each group to justify the pooling of information.

Table B1 summarizes the choices of likelihoods and priors for each process. The posterior distribution of all parameters was

then obtained by combining these prior specifications with the likelihood contributions from the observed data through Bayes’

theorem. Sampling from the posterior was performed using Markov Chain Monte Carlo methods (Stan Development Team,

2025), enabling the joint estimation of all parameters and quantification of their uncertainty. Figure 4 shows the fitted prob-270

ability densities of the hydrometeorological variables entering equation (1), obtained by propagating the posterior parameter

distributions through the calibrated stochastic model. Each density curve corresponds to a single draw from the posterior,

reflecting the parametric uncertainty in the calibration. The fitted densities are compared against the observed event character-

istics extracted from the WETRAX model, providing a visual diagnostic of the goodness of fit.

3.3 Propagation of climate change signals275

To assess the impacts of climate change, an ensemble of six CORDEX EUR-11 simulations, based on CMIP5 (Jacob et al.,

2014; Taylor et al., 2012), is used, with a spatial resolution of 12.5 km, hourly temporal resolution, and scenario RCP 8.5.
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Figure 4. Posterior probability densities of the hydrometeorological variables entering the stochastic flood peak model (equation (1)), com-

pared against the empirical distributions of flood event characteristics extracted from the WETRAX model. Each curve represents a density

estimate obtained from a single draw of the posterior parameter distribution. Results refer to the autumn season at the Hochalp hotspot.

Two time windows are considered: a control period (1971–2000) and a future period (2071–2100). Precipitation events are

extracted from each simulation, and the stochastic model described in Section 3 is calibrated within a unified Bayesian frame-

work, directly inferring probabilistic parameter changes between the reference and future periods. In this way, the model is280

constrained to incorporate the climate change signal projected by the climate models. Most parameter changes are expressed

in relative terms, and therefore no explicit bias-correction procedure is required. For the parameters describing temperature-

related distributions, changes are instead represented as absolute differences. This framework allows the impacts of climate

change to be characterized in terms of altered precipitation event properties, the expected increase in the liquid fraction of

precipitation, changes in the baseflow regime, and modified initial catchment conditions, ultimately leading to different runoff285

coefficients. Figure 5 illustrates the most relevant process-level variations induced by climate change forcing. The probability

density functions are obtained by evaluating the model using the mean values of the fitted parameters.

3.4 Uncertainty decomposition and attribution

To quantify the contribution of different sources of uncertainty in flood frequency estimation under changing climatic con-

ditions, an analysis of variance (ANOVA) was applied to the simulated flood quantiles. Three distinct sources of uncertainty290

were considered: (i) calibration uncertainty (σ2
c). This component originates from the variability of the posterior parameter

distributions obtained during model calibration. It reflects the epistemic uncertainty in estimating the current values of model

parameters given the available observations. Each posterior draw represents a plausible model realization under present-day

conditions, and the resulting spread in simulated flood quantiles quantifies the uncertainty that would persist even in the ab-

sence of climate change. (ii) parametric response uncertainty (σ2
r). This component captures the uncertainty arising from295

the propagation of parameter changes under future climatic conditions. While the calibration uncertainty describes the lack of

knowledge about current parameters, this term accounts for their expected evolution due to altered hydro-climatic regimes, as

well as the variability of such changes within each climate model. (iii) forcing uncertainty (σ2
f). The third component arises
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functions are obtained considering the mean values of the fitted parameters. Example shown for the Hochalpen hotspot. The different rows

represent different seasons. From top to bottom, winter, spring, summer, and autumn.

from the spread among the different global or regional climate models used as forcing. Each climate model provides distinct

climatic trajectories that influence the derived parameter-change distributions.300

Let qp,T denote the simulated peak discharge for a given posterior draw p, and return period T for the present period, and

qp,m,T for a given posterior draw p, model m, and return period T for the future period. Flood quantiles were organized into a

two-dimensional matrix for the present period and a three-dimensional array for future projections, with indices corresponding

to posterior draws, return periods, and climate models (only for the future projections). This configuration allows the total

variance of projected flood quantiles to be expressed as the sum of three independent components, assuming that uncertainties305

arising from model calibration, parameter response, and climatic forcing are mutually uncorrelated:

σ2
qT = σ2

c +σ2
r +σ2

f (10)
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An ANOVA decomposition on the ensemble of future simulations was used to isolate and normalize each contribution, yielding

variance fractions that sum to unity for each return period. To quantify the robustness of projected flood changes, a signal-to-

noise ratio (S/N) is computed for each hotspot, season, and return period. The ratio expresses the relative magnitude of the310

expected mean change in flood quantiles between the future and present periods (∆µqT ) against the standard deviation (σqT ):

S/N =
|∆µqT |
σqT

(11)

Values of S/N > 1 indicate that the projected flood signal exceeds uncertainty, implying robust detection of change. Conversely,

S/N < 1 suggests that uncertainty dominates, and projected changes should be interpreted with caution. This indicator supports

the assessment of spatial and seasonal variability in the detectability of flood regime changes across Austria.315

4 Results

The seasonal non-exceedance probabilities for each hotspot were estimated following the procedure described in subsec-

tion 3.2; see supplementary materials in Cafiero (2026). For the present flood frequency curves, the only source of uncertainty

is the calibration component, while for future projections, both the response and forcing components are included. The total un-

certainty in the future simulations is therefore substantially larger, reflecting the combined contribution of parameter-response320

variability and the spread among climate models, in addition to the inherent calibration uncertainty.

The key strength of the proposed framework lies in its ability to disentangle the effects of individual flood drivers, thereby

isolating distinct physical drivers of change. Three experimental setups were analyzed: one driven by changes in event temper-

ature, representing the 0°C line shift and its influence on the liquid fraction of precipitation; one capturing the role of antecedent

catchment conditions (or soil moisture); and one focusing on variations in precipitation intensity and duration. The combined325

influence of all mechanisms is represented by the aggregated scenario (combined), which integrates the concurrent effects of

the three flood generation mechanisms. The projected shifts in the 2-year and 100-year flood quantiles between the present and

future periods are illustrated in Figure 6, distinguishing the effects of each driver. Equivalent figures for the remaining hotspots

are provided in the Supplementary Material (Cafiero, 2026).

Figure 7 summarizes the expected direction, magnitude, and confidence of the 100-year flood quantile changes across all330

hotspots and seasons. Triangles indicate whether the change is positive or negative, their size represents the relative magnitude,

and their color encodes the robustness of the signal, based on the signal-to-noise ratio (i.e., values > 1 denote high confidence

in the direction of change).

To further illustrate the contributions of individual flood drivers, separate maps were produced for each mechanism, showing

the projected changes in the 100-year flood quantiles across Austria. The same results obtained for the 2-year flood quantiles335

are in Appendix A. Figure 8 shows the effect of the temperature-driven shift of the 0°C line, which primarily influences the

liquid fraction of precipitation. Figure 9 highlights the role of antecedent catchment conditions, while Figure 10 illustrates the

impact of changes in precipitation intensity and duration.
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Figure 6. Projected variation of the 2-year (left) and 100-year (right) flood quantile with 80% confidence intervals for the Hochalpen hotspot.

Different scenarios isolate the contribution of distinct flood drivers: 0°C line, capturing the shift of the 0°C isotherm and its influence on the

liquid fraction of precipitation; precipitation, representing variations in rainfall intensity and duration; and antecedent conditions, reflecting

changes in soil moisture. The combined scenario integrates the concurrent effects of all three mechanisms.

The model is additionally implemented from an annual perspective, complementing the seasonal analysis. In this case as well,

the objective is to assess the expected variations in flood quantiles and to disentangle the contributions of different flood drivers340

to these changes (Figure 11). The annual perspective is particularly relevant because, in several of the cases discussed in the

previous figures, the projected increases in flood quantiles do not necessarily occur in the season associated with the largest

floods under current conditions. As a result, substantial variations in seasonal flood quantiles do not necessarily translate into

variations of annual maxima, and changes in seasonal flood behaviour can alter the relative contribution of different seasons

to annual flood extremes. For example, in Alpine hotspots, projections indicate a shift of flood occurrence towards spring,345

although summer generally remains the season with the largest floods.

Figure 12 illustrates the decomposition of uncertainty sources for the annual configuration of the model, obtained following

the methodology described in Section 3.4. The results show that calibration uncertainty contributes a relatively small fraction

of the total variance (approximately 5–10%) for return periods up to 100 years. However, its contribution increases markedly

for larger return periods, highlighting the growing influence of hydrological parameter uncertainty when simulating extreme350

flood events. This behavior reflects the enhanced sensitivity of model outputs to parameter values under extreme hydrological

conditions. The parametric response uncertainty represents the dominant source of variance across all return periods. This

finding indicates that the non-linear propagation of parameter perturbations through the hydrological model plays a key role in

shaping the uncertainty of projected flood extremes. Conversely, the contribution of climate forcing uncertainty decreases with

increasing return period. Climate model spread has a stronger influence on the variability of more frequent flood events, while355

its relative influence diminishes for rare extremes.
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Figure 7. Spatial distribution of projected seasonal 100-year flood changes across Austria. The combined scenario integrates the concurrent

effects of all three mechanisms. Triangles represent the direction (increase/decrease) and magnitude of the variation, while colors indicate

the robustness of the signal, defined by the signal-to-noise ratio (S/N > 1 indicates high confidence). The ’=’ symbol denotes locations where

the projected change ranges between -5% and +5%. River network and elevation data from Copernicus Land Monitoring Service.

5 Discussion

Climate and hydrological processes interact in complex ways to shape flood frequency and magnitude, and their relative

importance varies considerably across catchment types and seasons. The modeled responses reflect the combined influence of

temperature, precipitation, and antecedent catchment conditions, whose contributions need to be disentangled to interpret the360

regional differences emerging from the results. Understanding which flood drivers dominate under different climatic regimes

is therefore key to assessing future flood hazard and identifying the main sources of uncertainty in the projections.

Overall, the results indicate that changes in precipitation intensity emerge as the primary driver of projected variations in flood

frequency and magnitude across the analyzed catchments. At the same time, precipitation projections are characterized by the

largest source of uncertainty, reflecting both model spread and the inherent variability of extreme rainfall under climate change.365

In contrast, temperature-driven processes and antecedent catchment conditions, such as soil moisture and snow dynamics,

generally exert a more moderate influence on flood quantile variations at the regional scale. However, their effects tend to be
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Figure 8. Spatial distribution of projected seasonal 100-year flood changes due to the upward shift of the 0°C line across Austria. Triangles

represent the direction (increase/decrease) and magnitude of the variation, while colors indicate the robustness of the signal, defined by the

signal-to-noise ratio (S/N > 1 indicates high confidence). The ’=’ symbol denotes locations where the projected change ranges between -5%

and +5%. River network and elevation data from Copernicus Land Monitoring Service.

more systematic and therefore easier to anticipate, as they are governed by comparatively robust physical mechanisms and

exhibit lower inter-model variability. This highlights a trade-off between impact and predictability: the processes with the

strongest influence on future floods are also those characterized by the highest uncertainty, while secondary drivers contribute370

more modestly but in a more consistent and interpretable manner.

The relative importance of these processes further depends on the type of flood event considered. As suggested by previous

studies, antecedent catchment conditions play a particularly relevant role in shaping more frequent, moderate floods, while

precipitation extremes increasingly dominate the generation of rare events (Macdonald et al., 2024). Our results strongly

confirm this hypothesis: the influence of antecedent conditions is significantly more pronounced for the 2-year flood than for375

the 100-year flood. Conversely, the relative impact of precipitation intensity on more frequent floods is comparatively smaller

than on rare events. Regarding the upward shift of the 0°C isotherm and the resulting change in the partitioning between

solid and liquid precipitation, this effect is clearly visible during the winter season across the whole of Austria. Notably, this
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Figure 9. Spatial distribution of projected seasonal 100-year flood changes due to the variation of soil moisture across Austria. Triangles

represent the direction (increase/decrease) and magnitude of the variation, while colors indicate the robustness of the signal, defined by the

signal-to-noise ratio (S/N > 1 indicates high confidence). The ’=’ symbol denotes locations where the projected change ranges between -5%

and +5%. River network and elevation data from Copernicus Land Monitoring Service.

mechanism affects the 2-year flood much more than the 100-year flood. However, since this increase occurs during a season

characterized by minor flood events, the shift in the 0°C line does not significantly influence flood frequency when analyzed380

on an annual scale. Another widespread pattern concerns the summer season, where a distinct decrease in flood magnitudes is

observed when isolating the effect of soil moisture variations, reflecting the impact of increased evapotranspiration and drier

initial conditions under a warming climate.

A distinct pattern emerges in Alpine hotspots, characterized by strong seasonal dynamics. First, there is a substantial percentage

increase in winter floods; however, these remain minor in absolute terms when compared to summer floods. This winter trend385

is almost entirely driven by the upward shift of the 0°C isotherm, which increases the liquid fraction of precipitation. Second,

during the spring, all three analyzed mechanisms vary in phase, collectively contributing to a rise in flood magnitudes. This

is particularly evident for more frequent floods, where the combined signal is most robust. Third, the summer season is char-

acterized by a clear trade-off between competing drivers: while projected increases in precipitation intensity tend to increase
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Figure 10. Spatial distribution of projected 100-year flood changes due to precipitation extremes variation across Austria, shown for each

season. Triangles represent the direction (increase/decrease) and magnitude of the variation, while colors indicate the robustness of the signal,

defined by the signal-to-noise ratio (S/N > 1 indicates high confidence). The ’=’ symbol denotes locations where the projected change ranges

between -5% and +5%. River network and elevation data from Copernicus Land Monitoring Service.

flood magnitudes, this signal is largely uncertain. Conversely, the reduction in available soil moisture decreases flood peaks390

(especially for more frequent floods). Consequently, ordinary floods are projected to experience a slight, uncertain decrease,

while rare floods show a slight, uncertain increase. Fourth, the expected flood variation in autumn is largely dominated by the

variation in precipitation intensity. Unlike the summer season, where dry soils act as a significant modulator, the intensification

of autumn rainfall translates more directly into increased discharge.

Similar patterns in terms of flood variation were reported by Laaha et al. (2025), who analyzed trends in mean annual flood395

in Austria for the period 1977–2020. While their study focuses on observed trends in the recent past and the present analysis

addresses expected future variations, this comparison provides a consistency check to assess whether projected changes align

with recent hydrological behaviour. In particular, they found an increase in winter floods, especially in the southern part of the

country. For the spring season, a comparable pattern is observed: flood magnitudes increase in the Alpine region, whereas no

clear signal is evident north of the Alps.400
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Figure 11. Spatial distribution of projected annual 100-year flood changes caused by different flood generation mechanisms variation across

Austria. Triangles represent the direction (increase/decrease) and magnitude of the variation, while colors indicate the robustness of the

signal, defined by the signal-to-noise ratio (S/N > 1 indicates high confidence). The ’=’ symbol denotes locations where the projected

change ranges between -5% and +5%. River network and elevation data from Copernicus Land Monitoring Service.

The uncertainty analysis reveals that the majority of projected flood variations are accompanied by substantial noise compo-

nents, reflecting large contributions from both parameter-response and climate-forcing uncertainty, which respectively repre-

sent the uncertainty arising from the propagation of parameter changes under future climate conditions, and the one arising

from the distinct climate trajectories provided by each member of the ensemble of climate models. On the other hand, Calibra-

tion uncertainty, reflecting the epistemic uncertainty in estimating the current values of model parameters, remains consistently405

minor. This indicates that the robustness of flood projections depends primarily on how model parameters respond to climatic

perturbations, and on the variability among climate models, rather than model calibration.

Overall, the linear reservoir model performs acceptably in representing the flood peaks of the distributed model, given the trade-

off between simplicity and accuracy. However, flood peaks tend to be overestimated in the Weinv hotspot and underestimated

in the alpine hotspots during winter. Moreover, the number of flood-generating events per season was assumed to remain410

stationary between historical and future periods. This assumption was required because climate model outputs only provide
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Figure 12. Fractional contribution of each uncertainty source to total flood quantile variance under future climate scenarios. Calibration

uncertainty (blue) represents the epistemic uncertainty in estimating current values of model parameters. Response uncertainty (orange)

reflects the uncertainty arising from the propagation of parameter changes under future climatic conditions. Forcing uncertainty (green)

corresponds to the spread among forcing models. Black lines represent the absolute variance, highlighting the strong increase in uncertainty

with larger return periods. These values are obtained by averaging the different uncertainty sources for all the hotspots.

precipitation, while runoff is not directly simulated. Since flood events were identified from discharge series, potential changes

in their frequency cannot be inferred directly from climate model output and are therefore not considered in this analysis.

To assess the sensitivity of the results to this assumption, additional simulations were performed by perturbing the mean

number of flood-generating events per season m by ±20%. As expected, increasing m amplifies projected flood quantile415

changes when the signal indicates an increase, while decreasing m dampens it, and vice versa for negative signals. However,

these perturbations do not qualitatively alter the main conclusions of the analysis. Future work should focus on explicitly

representing such changes. It should also be noted that the reported variations in flood frequency refer solely to climatic

influences; catchment-related effects and river engineering structures were not considered in the evaluation of future flood

frequency changes (Blöschl et al., 2007). Nevertheless, Bertola et al. (2019) analyzed the impacts of these different types of420

changes in Upper Austria, finding that atmospheric drivers, particularly short-duration extreme precipitation, exert a stronger

influence on flood frequency variations than catchment or river-scale modifications.
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6 Conclusions

This study presents a process-based framework to assess the impact of climate change on flood frequency, explicitly accounting

for different sources of uncertainty and the response of key hydrological processes. By integrating a Bayesian event-based425

model with regional climate projections, the approach allows disentangling the contributions of temperature shifts, antecedent

soil moisture, and precipitation intensity to future flood behavior. The framework is applied in Austria, where results indicate

that projected changes in flood quantiles highly depend on season and location. In particular, summer floods exhibit a complex

trade-off between increasing precipitation intensity and decreasing soil moisture, while winter floods, especially in alpine areas,

are particularly sensitive to the increased liquid fraction of precipitation during the event. Moreover, shifts in flood seasonality430

may alter the relative contribution of individual seasons to annual extremes, highlighting the importance of considering both

seasonal and annual perspectives. Overall, these results emphasize that reliable projections of flood frequency under climate

change depend on the accurate representation of process responsiveness, particularly the nonlinear propagation of precipitation

and temperature effects through catchment hydrology. This methodology provides a transparent and flexible tool for attributing

and quantifying drivers of change in flood risk under a warming climate, offering valuable insights for adaptation planning and435

hydrological modeling under uncertainty.

Code and data availability. The flood event characteristics and the RStan code used for model calibration are available on Zenodo (Cafiero,

2026).

Appendix A

This appendix presents the same results shown in the main text, but focusing on floods with a 2-year return period instead440

of the 100-year return period, providing a complementary perspective on flood changes across Austria under future climate

conditions.
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Figure A1. Spatial distribution of seasonal (rows 1-4) and annual (row 5) projected 2-year flood changes across Austria. Arrows represent the

direction (increase/decrease) and magnitude of the variation, while colors indicate the robustness of the signal, defined by the signal-to-noise

ratio (S/N > 1 indicates high confidence).
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Appendix B

Table B1. Summary of likelihoods and priors for each process in the Bayesian model. Likelihoods are chosen to reflect the physical domain

and stochastic behavior of each process variable. Distribution choices were based on Sivapalan et al. (2005); Westra et al. (2014); Gottschalk

and Weingartner (1998); Viglione et al. (2009)

Process Likelihood Parameters Priors

Event duration tr ∼ Weibull(βr,γr) βr , γr βr ∼ Gamma(2,1);

logγr ∼ Normal(4,1)>0

Event mean intensity i ∼ Gamma(κ,λ) a1,a2, b1, b2 a1 ∼ Normal(5,3)>0; a2 ∼ Normal(0.3,0.2);

b1 ∼ Normal(0,2)<0; b2 ∼ Normal(0,2)

Runoff coefficient rc ∼ Beta(µc,ϕc) η,ζ,λ,ϕc η,ζ ∼ Normal(0,1)>0;

λ ∼ Normal(0,2); ϕc ∼ Normal(30,20)>0

Liquid ratio lr ∼ p1 · δ(1)+ (1− p1) ·
Beta(αlr,βlr),

p1 = logistic(γl ·T + δl),

µlr = logistic(µa ·T +µb),

ϕlr = exp(ϕa ·T +ϕb)

µa,µb,ϕa,ϕb,γl, δl All ∼ Normal(0,5)

Event temperature temp ∼ Normal(µT ,σT ) µT ,σT µT ∼ Normal(0,20); σT ∼ Cauchy(0,5)>0

Precipitation 100 days P100d ∼
Lognormal(µP100

,σP100
)

µP100
,σP100

µP100
∼ Normal(0,5); σP100

∼ Cauchy(0,2)>0

Temperature 100 days T100d ∼
Normal(µT100

,σT100
)

µT100
,σT100

µT100
∼ Normal(0,20); σT100

∼ Cauchy(0,5)>0

Baseflow B ∼ Lognormal(µ,σB),

µ = β0 + β1Tobs + β2Pobs

β0,β1,β2,σB β0 ∼ Normal(0,10); β1,β2 ∼ Normal(0,1);

σB ∼ Normal(0,1)

Author contributions. Luigi Cafiero: Conceptualization, Data Curation, Formal Analysis, Methodology. Miriam Bertola: Conceptualiza-

tion, Writing – review and editing. Peter Valent: Data Curation. Francesco Laio: Writing – review and editing. Günter Blöschl: Writing –445

review and editing.Alberto Viglione: Supervision, Conceptualization, Methodology, Writing – review and editing.
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