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Abstract. Flood events are some of the most impactful natural hazards globally, and in most cases, they result from
combinations of different hydrometeorological drivers, defined as riverine compound floods. Climate change is projected to
alter the frequency and interplay of these drivers, posing a challenge for flood risk assessment. In this study, we develop an
unsupervised machine learning approach to identify distinct riverine compound flood types and to classify individual flood
events based on hydrometeorological features. These classifications are then used to assess climate change effects on flood
risk. We use hydrological large-ensemble simulations in four neighbouring Bavarian pre-Alpine catchments, encompassing
historical and future periods. Results project systematic shifts in the frequency and magnitude of flood regimes under warming.
The frequency of rainfall-driven and rain-on-snow floods increases with warming, rising by 22% and 8%, respectively,
between +1 K and +4 K. Conversely, snowmelt-driven flood frequency declines substantially (approximately 42 % between
+1 K and +4 K), consistent with a diminishing role of snow in pre-Alpine flood generation. Frequencies of saturation excess
floods, characterised by antecedent wet conditions, show declines of about 10 %. For 100-year return levels, rainfall-driven
events show the largest increases in flood magnitude, though with strong variability between catchments (1 % to 48 % between
+1 K and +4 K). Conversely, the magnitude of 100-year return-level snowmelt-driven events decreases 10-13 %. Seasonally,
pre-Alpine flood risk shifts from a spring, snowmelt-dominated regime towards rainfall-driven flooding throughout the year,
with implications for seasonal preparedness, infrastructure design, and forecasting systems. We compare our unsupervised
machine learning approach with an established threshold-based classification method, with the two classifications converging
for 64 % of events. By identifying which flood types increase or decrease under warming scenarios, our compound flood

classification framework supports the development of process-specific adaptation strategies.
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1 Introduction

Riverine flooding causes considerable impacts worldwide, including billions of dollars in economic damages, disruptions to
critical infrastructure and services, thousands of fatalities, and the displacement of many more people (Rentschler et al., 2022).
Climate change is expected to worsen these impacts (Rogers et al., 2025). Rising temperatures and changing precipitation
patterns will likely increase flood frequency and severity in many regions around the world (Huang et al., 2024; Merz et al.,
2021; Willkofer et al., 2024).

Many flood events are not caused by a single extreme driver (i.e., heavy rainfall), but by combinations of drivers that might
not be extreme in isolation, which can be defined as riverine compound floods (Berghuijs et al., 2019; Massari et al., 2023,
Jiang et al., 2024). In pre-Alpine catchments, a well-documented type of riverine compound floods is rain-on-snow (ROS),
which occurs when rainfall on existing snowpack accelerates melt and runoff (Beniston & Stoffel, 2016). These events have
caused multiple floods in mountain regions in the United States in the past decades (McCabe et al., 2007; Musselman et al.,
2018) and are also found to be a dominant flood generating process in the European Alps, pre-Alps, and middle mountain
ranges (Berghuijs et al., 2019, Hotovy et al., 2025). Another well-documented riverine compound flood mechanism involves
antecedent high soil moisture conditions, where moderate rainfall leads to saturation excess generating potentially severe
flooding (Berghuijs et al., 2019; Jiang et al., 2022; Massari et al., 2023), as exemplified by the Bavarian floods in 2013 (Thieken
et al., 2022).

Under climate change, shifts in the drivers and timing of riverine compound floods are already being observed. These include
changes in flood seasonality and evidence of a decrease in snowmelt-driven floods alongside an increase in rainfall-driven
floods (Jiang et al., 2022), coupled with an intensification of short-duration rainfall events (Haslinger et al., 2025). Future
climate projections indicate more extreme rainfall, a continued shift from snowmelt to rainfall dominance in Alpine flood
generation, and subsequent changes in the frequency of specific compound event types (Frei et al., 2018). A global analysis of
ROS projections suggests that ROS events will become more frequent in high-elevation and high-latitude regions, while
decreasing in low-elevation zones (Maina & Kumar, 2025).

However, different catchments respond differently to climate-change-induced shifts in hydrometeorological drivers according
to their specific characteristics, including catchment size and shape, topography, soil and geology, land cover, land use, open
water bodies, and human management (Musselman et al., 2018; Haslinger et al., 2025; Liu et al., 2022; Stein et al., 2021).
Hence, the assessment of riverine compound floods relies on different established methods. Common approaches include
statistical and empirical analyses (Berghuijs et al., 2019; Jiang et al., 2022), hydro-climatological modelling of drivers
(Poschlod et al.,, 2020a), hydrological modelling (Bonsoms et al., 2024; Staudinger et al., 2025), and event-based
reconstructions (Thieken et al., 2022). Assessing flood risk in a changing climate requires both hydrological and climatological
perspectives to be considered (Brunner et al., 2021). Recent efforts have been made towards integrated climate-hydrology
modelling chains to better capture the complex interactions of hydrometeorological drivers under different future climate

scenarios (Dottori et al., 2018; Sauer et al., 2021; Willkofer et al., 2024; Zhao et al., 2025).
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Classifying flood events into types can improve scientific understanding of the different underlying flood generation processes,
and allows researchers to detect and quantify changes in each of these processes (Tarasova et al., 2019). Furthermore, flood
classification is relevant for flood risk management, as different flood types require tailored strategies for prevention and
adaptation (Corral et al., 2019; Heggli et al., 2022; Lallemant et al., 2021; Rdssler et al., 2014). Currently, a variety of
classification frameworks are used, each with differing strengths and weaknesses. Tarasova et al. (2019) distinguish between
hydroclimatic, hydrological, and hydrograph-based flood classification methodologies. Classification methods can either be
tailored to a study area or designed for global application independent from the location. Flood types and corresponding
classification criteria can either be derived from the underlying data (Keller et al., 2018) or make use of expert-defined
thresholds that are assumed to be globally applicable (Stein et al., 2020). Generally, Tarasova et al. (2019) note that
classification methodologies are sensitive to uncertainties or small deviations in the input data. The global flood classification
study by Stein et al. (2020) reveals that there is high year-to-year variability in most catchments in flood generating processes.
Hence, a sufficient number of flood events is needed for a robust classification, which can be achieved by clustering events
from similar catchments or generating long synthetic timeseries of discharge (Turkington et al., 2016).

Different riverine compound flood types exhibit varying sensitivities to climate change, which can alter future risk projections
(Brunner et al., 2021). Therefore, quantifying the types of riverine compound floods in a given region and their projected future
changes is important for informing effective and climate-adaptive flood risk management policies.

In this study, we aim to explore climate change effects on flood types in four neighbouring pre-Alpine catchments. Due to the
regional climatology, a variety of flood types can occur, including floods driven by short-term rainfall, longer-duration rain
events, soil saturation excess, rain-on-snow, and snowmelt. To disentangle how climate change affects the flood-generating
processes under local conditions, we propose a compound flood classifier based on an unsupervised machine learning
clustering algorithm that categorises flood regimes without predefined flood types and thresholds. We apply the flood
classification to a hydrological large ensemble covering 1963-2099 under a high-emission scenario, with 50 realisations
equalling almost 7000 years of simulated discharge. The approach is data-driven, and such methods are known to be sensitive
to the input data, in which extreme floods are rare and floods of each specific type rarer still. By comparing the flood event
classifications obtained using the full dataset for clustering with those obtained using individual ensemble members, we show
that our clustering approach is robust to the input dataset and its size. We investigate which flood types arise from the flood-
generating processes and their compound occurrence, and how their frequencies and magnitudes change in worlds that are 2

K, 3 K, and 4 K warmer.

2 Study area

For this study, we consider four neighbouring head catchments of the Upper Danube basin in the Alps and pre-Alps, in which
the Alpine parts belong to the Northern Limestone Alps. The study area includes the rivers Iller, Lech, Ammer, and Loisach

at the gauges Kempten, Fiissen, Weilheim, and Schlehdorf, respectively (Fig. 1). While the Iller and Lech are direct tributaries
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of the Danube, Loisach and Ammer (via Lake Ammersee; Bueche et al., 2020) contribute to the Isar River, which then flows
into the Danube. The four river catchments cover areas from 608 to 1416 km? and an elevation range between 550 m at the
Weilheim gauge and over 3000 m at the highest mountain peak of the Lech Alps. In the Alpine areas, bare limestone rock and
shallow soils occur, whereas loamy soils and highly permeable gravel deposits are prevalent in the floodplains (Velazquez et
al., 2013). Forest dominates the land cover of all catchments (Table 1), with its spatial distribution governed by topography.
This results in a north—south gradient, with more forest in the valleys and on the slopes of the southern Alpine regions and
elevation defining the tree line. Annual precipitation ranges between 1400 and 1600 mm, with the wet summer season (JJA)
contributing more than one-third of annual precipitation. The average annual temperature is between 7 and 8 °C for the Iller,
Ammer, and Loisach catchments, while the more Alpine Lech catchment experiences an average annual temperature of 4 °C.
These climatological conditions shape the hydrological regimes of the rivers, indicating nivo-pluvial to pluvio-nival regimes
(Poschlod et al., 2020b). Winter shows the lowest mean flow, with a minimum in February, while snowmelt induces the highest
monthly mean flow in April (Ammer and Loisach) and June (Lech and Iller). Major flooding can occur either in spring due to
a combination of snowmelt and heavy rainfall (rain-on-snow) or in summer due to heavy rainfall enhanced by strong
orographic lifting (Dobler et al., 2012; Poschlod and Koh, 2024). Hence, the study catchments show flood events governed by

a variety of flood-generating processes acting at various timescales and in combination.

Table 1: Areal fraction of land cover of the study area catchments based on CORINE Land Cover 2018 (EEA, 2020).

Land cover Ammer Loisach ler Lech
Artificial areas 4% 4% 4 % 3%

Pasture 10 % 36 % 29 % 6%

Natural grassland 3% 5% 23 % 23 %
Forest (broad-leaved) 2% 6 % 0.7 % 0.4 %
Forest (coniferous) 34 % 35% 21 % 28 %
Forest (mixed) 11 % 16 % 9% 6%

Moors, heathland, wetland 5% 12 % 4% 13 %
Bare rock and sparsely vegetated areas 1% 10 % 5% 21 %
Open water bodies 2% 0.3% 0.8 % 0.4 %
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Figure 1: Elevation of the four study catchments in the Alps and pre-Alps. The topography is based on the digital elevation map
GLO-30 by Copernicus (ESA, 2025).

3 Data

The hydrological large-ensemble simulations (Willkofer et al., 2020, 2024) are generated by driving the Water balance
Simulation Model (WaSiM; Schulla, 2021) with climate variables from a single-model initial-condition large ensemble
(SMILE). The Canadian Earth System Model version 2 large ensemble (CanESM2-LE; Fyfe et al., 2017), consisting of 50
members, is dynamically downscaled with the Canadian Regional Climate Model version 5 (CRCMS) at 0.11° resolution over
Europe (equalling approximately 12 km; Leduc et al., 2019). The climate simulations cover 1955-2099, with the high-emission
scenario RCP8.5 starting in 2006. Next, bias adjustment and further statistical downscaling to 500 m resolution are conducted
to drive the spatially distributed hydrological model WaSiM at 3-hourly time steps. WaSiM employs process-oriented modules
simulating interception, evapotranspiration, snow accumulation, snowmelt, glaciers, soil water storage, and runoff generation
(Schulla, 2021). The calibration and validation of the hydrological model are based on a comparison with observed discharge,

where Willkofer et al. (2020) follow Moriasi et al. (2007) by applying four performance metrics: the Nash—Sutcliffe efficiency
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(NSE), its logarithmic version (logNSE), the Kling—Gupta efficiency (KGE), and the ratio of root mean squared error to
standard deviation (RSR). Using this calibration and the driving climate from the 50-member CRCMS5-LE, the unique hydro-
SMILE WaSiM-LE is generated, for which the ensemble spread can be interpreted as the propagation of internal climate
variability to the regional hydrology of the catchments (Deser et al., 2020). Due to the complexity of the full climatological
and hydrological modelling chain, we refer the reader to Leduc et al. (2019) for details on climate modelling, Willkofer et al.
(2018) for insights into bias correction, and Willkofer et al. (2020) for the calibration and validation of WaSiM. The resulting
simulations have been described and successfully applied by Poschlod et al. (2020b) to explore hydrological regimes and by
Brunner et al. (2021) and Willkofer et al. (2024) to investigate floods. Furthermore, the four selected neighbouring catchments
also serve as a testbed for a statistical deep learning approach to concurrent floods and droughts (Murphy-Barltrop et al., 2026).
For the four catchments in this study, the validation metrics indicate satisfactory performance of the modelling chain in

capturing discharge characteristics (Table 2).

Table 2: Performance metrics of the validation of the WaSiM setup comparing to discharge observations.

Catchment NSE KGE logNSE RSR
Ammer (Weilheim) 0.76 0.71 0.79 0.49
Loisach (Schlehdorf) 0.67 0.74 0.74 0.58
Iler (Kempten) 0.76 0.71 0.75 0.49
Lech (Fiissen) 0.76 0.86 0.80 0.49

4 Methods
4.1 Flood definition

Flood events are defined using a peaks-over-threshold (POT) approach, where the 5th percentile of the annual maxima for
each catchment, pooled over all 50 members and the full simulation period (1963-2099, as 1961-1962 are discarded as
hydrological model spin-up), is selected as the operational threshold. A flood event occurs whenever discharge exceeds this
threshold. For each continuous exceedance period, the time of peak discharge is designated as the flood occurrence time. To
account for the temporal clustering of flood events, exceedances occurring within a five-day period following an initial peak
are considered part of the same flood event, with the maximum discharge across the entire period designated as the flood peak.

Table 3 shows the discharge threshold for each catchment in this study and corresponding number of identified flood events.
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Table 3: Catchments, discharge thresholds and the number of identified flood events. Note that the number of floods
is based on 137 years x 50 ensemble members. Hence, on average about three floods per year are identified.

EGUsphere\

Catchment |Discharge threshold (m?®s™)

Number of flood events

Ammer 68.53 19,507
Loisach 60.21 19,742
Iller 159.54 18,208
Lech 188.57 18,101

4.2 Hydrometeorological and hydrological features

The types of floods are defined based on their characteristic hydrometeorological and hydrological conditions. These features
are obtained from the WaSiM model, and are mainly divided in precipitation, snow and soil moisture categories (shown in
Table 4). They are also selected after confirmation that they are not overrepresented in one of the catchments, to avoid
accidentally clustering on catchment characteristics instead of flood-generating processes. Before applying the clustering, all
features are normalised using a 0 to 1 scaling to avoid disproportionate weighting of features with larger ranges. To account
for the delay between the triggering process and the flood peak at the outlet of the catchment, we derive the response time of
each catchment empirically (Langridge et al., 2020). We identify a subset of very intense rainfall-driven floods with a single

discharge peak and assess the time lag between the rainfall peak and discharge peak, yielding response times from 6 hours

(Ammer) to 15 hours (Lech).

Table 4: Features used for the flood event clustering.

Feature description ICategory
Total rainfall in 7 days before response time Precipitation
Total rainfall in 24 hours before response time Precipitation
Total snowmelt in 7 days before response time Snow melt
Soil water increase over 72 hours before response time Soil moisture
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Soil water increase over 5 days before response time Soil moisture

Ratio of maximum 24h rainfall to total 7-day rainfall before response time Precipitation

Ratio of 7-day rainfall to total 7-day input (rain + snowmelt) before response time |Precipitation

Ratio of 72-hour rainfall to total 7-day rainfall before response time Precipitation
Ratio of (72h rain + 24h snowmelt) to total 7-day input before response time Precipitation and snow melt
Ratio of 24-hour rainfall to total 7-day rainfall before response time Precipitation

Ratio of 24-hour input (rain + snowmelt) to total 7-day input before response time |Precipitation and snow melt

Ratio of 24-hour snowmelt to total 7-day snowmelt before response time Snow melt

Ratio of 24-hour rainfall to total 24-hour input (rain + snowmelt) before response timefRain and snow melt

4.3 Clustering algorithm

To identify flood types, we use the k-means clustering algorithm. It is a widely-used unsupervised machine learning algorithm
that partitions observations into & clusters (Likas et al., 2003). The process begins by randomly initialising & cluster centroids
and assigning each data point to the nearest centroid. The function calculates the sum of squared Euclidean distances between
points and their assigned cluster centroids. The algorithm repeats this process with the objective of reducing the sum of squared
distances and until convergence is achieved. The clustering algorithm is applied to all flood events identified in the 50-member
ensemble dataset. The optimal number of clusters is determined based on the silhouette and distortion scores (Shahapure, 2020)
for k ranging from 3 to 8.

To assess the sensitivity of the clustering approach to the input dataset, we apply the same algorithm separately to repeated
subsets of the dataset (corresponding to 1, 2, 5 and 10 members) and compare the classifications for each flood event to those

obtained using the full 50-member ensemble.

4.4 Flood classification

The best division of flood categories for the data is achieved for & = 5. Upon inspection (Fig. 2), this corresponds to the

following flood categories:

1) Rainfall-driven floods: These represent flood events where intense rainfall of short to moderate duration is the primary
driver, with limited influence from antecedent conditions. They are characterised by high 24-hour antecedent rainfall

amounts (median values of 35-50 mm).
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2)

3)

4)

5)

Saturation excess (rain): These events occur when catchments are already saturated with water, allowing even less
intense but longer-duration rainfall to cause flooding. They display moderate rainfall amounts (20—30 mm) and lower
snow water equivalent ratios (0.3—0.4).

Rain-on-snow floods: These are hybrid floods in which rainfall triggers or enhances snowmelt, creating compound
flood events with multiple contributing factors. They show substantial rainfall (30—40 mm) coupled with high snow
water equivalent ratios (0.5-0.7), typically within a short to moderate duration.

Saturation excess (rain and snow): These represent events in which antecedent moisture, combined with some degree
of snowmelt and low to moderate precipitation, creates flood conditions. They exhibit lower rainfall contributions
(15-25 mm) with intermediate snow water equivalent ratios (0.3-0.5).

Snowmelt-driven floods: These represent temperature-driven events, where accumulated snow melts rapidly,
potentially due to warm air masses rather than rainfall. They differ from other types of floods as they show minor

rainfall contribution (<10 mm).

When applying the clustering approach to subsets of the dataset from individual ensemble members, the categories obtained

are near-identical in their hydrometeorological characteristics, suggesting that the categories are robust to the input dataset.

For each category, 95-97 % of flood events are classified in the same manner, with the exception of saturation excess (rain

and snow), for which 20 % of flood events are categorised differently when input-data subsets are used for clustering, largely

as snowmelt-driven or rain-on-snow events. This behaviour is similar for all catchments and across all flood magnitudes.

Increasing the dataset size results in greater consistency in the classifications. For example, when subsets of five ensemble

members are used, 97-100 % of flood events in each category are identically classified.
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Figure 2: Characteristics of identified flood types. The top-left panel shows the number of flood events assigned to each
cluster. The remaining panels show the distributions of key hydrometeorological and hydrological characteristics for
each flood type: 24-h rainfall, 7-day rainfall, 7-day snowmelt, and increases in soil moisture over the 72 h and 5 days

preceding the flood event. Colours indicate the different flood types (clusters).

4.5 Individual flood events

We demonstrate an individual case of each flood type to clarify the hydrometeorological conditions that trigger different flood
types. Rainfall-driven floods (Fig. 3a) have the most direct precipitation—response relationship, in which high-intensity rainfall
drives runoff through infiltration excess without meaningful influence from antecedent conditions. Saturation excess floods
show the role of high soil moisture in amplifying the effects of rainfall (Fig. 3b) and snowmelt (Fig. 3d), increasing runoff
through reduced storage capacity. Rain-on-snow floods (Fig. 3c) demonstrate a different interaction mechanism in which
rainfall interacts with the snowpack, increasing snowmelt rates and resulting in higher discharge. Snowmelt floods (Fig. 3e)
show events with minimal rainfall contribution and runoff generation dominated by snowmelt as a consequence of radiation

and elevated temperatures.

11
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4.6 Return level calculation

We calculate 100-year return levels for each flood type by dividing the simulations into 20-year periods with distinct global
warming levels of +2 K, +3 K, and +4 K above pre-industrial levels, following Boehnisch et al. (2025). We therefore sample
independent flood peaks p above a threshold u as extreme values (Balkema and de Haan, 1974). The exceedances y = p —u

are assumed to follow the Generalised Pareto distribution (Davison and Smith, 1990) with the cumulative distribution function

Eq. (1):

1-Q +%)‘%,§ #0,>0y>0

H(y;$) = -

1 - exp(%),f = 0,>0y>0

with the scale parameter f and shape parameter ¢ governing the spread and tail behaviour of the distribution (Coles, 2001).
We assess the goodness of fit with the Anderson-Darling test at the 95 % significance level following Poschlod (2021). The
threshold u is iteratively increased until the Anderson-Darling test is passed. Confidence intervals are calculated via parametric
bootstrap with 1000 iterations. While Rischmuller et al. (2026) find limited power of the Anderson-Darling test on small
sample sizes, we apply the extreme value theory on 20 years x 50 members, where 100-year events are well within the

simulation length yielding robust estimates of rare quantiles.

4.7 Comparison with the flood classification of Stein et al. (2020)

Our flood classification method is compared against the Stein et al. (2020) approach using the same flood events as input data.
Stein et al. (2020) propose an event-based flood classification methodology using a decision tree with climate-independent
thresholds based on 7-day and single-day precipitation, the soil moisture state and 7-day snowmelt. As the tree builds on
percentile thresholds for rainfall and snowmelt as well as ratios of rainfall to snowmelt rather than fixed absolute thresholds,
their framework is globally applicable. The classification results in five different hydrometeorological flood generating
processes: short rain, long rain, excess rainfall, a combination of rain and snow, and snowmelt. Its application on over 4000
catchments worldwide shows robustness and is evaluated against data from the Dartmouth Flood Observatory (DFO) Global

Active Archive of Large Flood Events (Brakenridge, 2018). More details can be found in Stein et al. (2020).
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5 Results
5.1 Climate change impacts

The simulations show how the frequency of the different flood types evolves over time under the high-emission scenario
RCP8.5 (Fig. 4a). Saturation excess (rain) floods across the four catchments maintain the highest frequency (1.17 floods per
year at +1 K) but exhibit a slight decline after 2040 (—9 % between +1 K and +4 K). Rainfall-driven floods show a clear
increasing trend, particularly between 1980 and 2060, rising by 22 % between +1 K and +4 K, the strongest response of all
types. Rain-on-snow floods show a weaker but consistent increase over the period (+8 %). Saturation excess (rain and snow)
floods remain relatively stable, with a minor downward trend in recent decades (—11 %). Snowmelt-driven floods occur mainly
in the Lech and Loisach catchments, where a decline of approximately 42 % is projected between +1 K and +4 K. At the level
of individual catchments (Figs. 4b—e), Ammer is historically dominated by saturation excess (rain), but rainfall-driven floods
increase with global warming (+25 %) and exceed saturation excess (—16 %) as the main driver after 2040. Iller has a balanced
distribution between saturation excess and rainfall-driven floods, with both increasing in frequency under global warming (+6
% and +25 %, respectively). Due to the relatively strong influence of snow dynamics, Lech has historically had the most even
distribution of flood types. However, saturation excess (rain and snow) and snowmelt-driven floods clearly decrease over time
(=20 % and —35 %), whereas rainfall-driven and rain-on-snow floods increase in frequency (+110 % and +10 %, the rainfall-
driven increase starting from a low base of 0.21 events per year). Loisach has the highest share of saturation excess (rain)
floods, which remain the primary flood mechanism over time despite declining (—19 %). Snowmelt-driven floods show a clear

decrease in frequency (—56 %), while the remaining flood types remain mostly stable (—4 to —6 %).
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280  Figure 4: Main panel: Frequency of flood types in the 50-member ensemble over time for all catchments. Right panels: same as main
panel, but for each individual catchment. Lines represent ensemble rolling means, and shaded envelopes indicate interquartile range.
Colours denote the different types of floods. Bottom axes indicate time windows corresponding to global warming levels.

Concerning seasonality changes among the different flood types, our results show a consistent advance in the timing of snow-
285 influenced floods under warming (Fig. 5), although the magnitude of this shift varies across flood types and catchments. The
clearest signal is found for snowmelt-driven floods, for which the median timing moves from late spring towards earlier spring,
typically by about 3—6 weeks in Ammer, Iller, and Loisach, while the shift is smaller in Lech. Rain-on-snow and saturation
excess (rain and snow) floods also tend to occur earlier, but with broader and partly overlapping seasonal distributions,
indicating that the change is not a uniform displacement in all catchments. In contrast, rainfall-driven and saturation excess

290 (rain) floods remain centred in summer, with a slight tendency to occur earlier in the year under warming conditions.
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Figure 5: Seasonality changes of the five flood types under global warming levels of +1K, +2K, +3K, and +4K for the

four catchments (Ammer, Loisach, Iller, and Lech).

To determine the effects of climate change on extreme floods, we examine 100-year return levels under different warming
levels across flood types (Fig. 6). The largest percentage increases in flood magnitude occur for rainfall-driven events, for
which the median response in the Lech catchment reaches nearly +50 % under the +4 K scenario, with upper bounds exceeding
+70 %. However, response sensitivity across warming levels varies by catchment, with Loisach showing minimal change
under +4 K (+1 %) compared with lower warming levels (+6 % at both +2 K and +3 K), and Ammer peaking at +3 K (+24 %)
rather than +4 K (+13 %), indicating that flood magnitudes do not scale linearly with warming. Saturation excess (rain) events
show consistent positive trends across catchments with higher warming, with median increases reaching 18-22 % in Iller and
Lech at +4 K, and more moderate increases in Loisach (+9 %) and Ammer (+8 %). Rain-on-snow events also show substantial
increases in Iller (+29 %) and Lech, although the highest response in Lech occurs under +3 K (approximately 34 % median
increase) rather than +4 K (approximately 26 %), and Ammer shows no change (+3 %). For saturation excess (rain and snow)

events, responses are highly catchment-dependent, with Ammer and Loisach showing substantial increases under +4 K
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(median changes of approximately 26 % and 19 %, respectively), whereas Iller and Lech display minor overall changes (+5 %
and +4 %). Finally, snowmelt-driven events in Loisach and Lech decline substantially at higher warming levels, with median
decreases of approximately 10—13 % under the +4 K scenario; in Ammer and Iller, snowmelt floods are too rare to support a
return-level estimate.
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Figure 6: Percentage changes in 100-year return-level flood magnitudes across the four catchments (Ammer, Loisach, Iller, and
Lech) under different global warming scenarios (+2 K, +3 K, and +4 K) compared with a present-day (+1 K) global warming level.
Each panel describes a flood-event type: (a) rainfall-driven, (b) saturation excess (rain), (c) rain-on-snow, (d) saturation excess (rain
and snow), and (e) snowmelt-driven. The transparent areas denote 95 % confidence intervals derived from the parametric bootstrap
of the 100-year return levels.

5.2 Clustering comparison

Our clustering method is compared to the method by Stein et al. (2020; Fig. 7). The Stein method classifies the same flood
events into five flood-generating processes plus a residual "other" class, with the following distribution: short rain (19.2 %),
excess rain (9.7 %), long rain (40.4 %), rain/snow (16.2 %), snowmelt (13.0 %), and other (1.6 %). Given the differences in
both methods in number of flood categories and how they are determined, we consider roughly equivalent flood categories as:
rainfall-driven category to short rain and excess rain (Stein); saturation excess (rain) to long rain and excess rain (Stein); rain-
on-snow and saturation excess (rain and snow) to rain/snow (Stein); and snowmelt-driven to snowmelt (Stein). Overall, the
two methods agree for 64.3 % of all flood events (Table Al). Saturation excess (rain) and long rain (Stein) events converge
on 65.1 % of cases. Short rain (Stein) events match rainfall-driven events in 62.8 % of cases, whereas excess rain (a category

absent in our approach) matches 34.5 %. Our method identifies two snow-related categories whereas Stein uses one. Rain/snow
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(Stein) matches 55.4 % of saturation excess (rain and snow) and 33.2 % of rain-on-snow events, totalling almost 90 % of
convergence. Snowmelt events show a 78.6 % convergence across both methods.

This study Stein et al. (2020) method
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Figure 7: Sankey diagram illustrating the floods classifications between this study and the method by Stein et al. (2020).
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6 Discussion and conclusion

This study explores the climate change effects on flood types in four pre-Alpine catchments. To this end, we develop a data-
driven, unsupervised machine learning approach to identify and classify different types of riverine compound floods in these
catchments.

The clustering algorithm detects physically interpretable flood categories that align with known pre-Alpine flood-generating
processes (Berghuijs et al., 2019; Jiang et al., 2022; Tarasova et al., 2023), and the large ensemble allows us to confirm that
these classifications are highly robust to the input dataset. Our approach shows 64 % convergence with the Stein et al. (2020)
framework. Among the differences, our method distinguishes two distinct snow-influenced compound flood types, saturation
excess (rain and snow) and rain-on-snow, which are largely grouped into a single "rain/snow" category in the Stein et al. (2020)
method. Furthermore, we find that these two flood categories are affected differently by a warming climate in terms of their
frequency (Fig. 4), seasonality (Fig. 5), and extreme intensity (Fig. 6). This demonstrates the capacity of the data-driven
approach to capture local and regional nuances in flood generation that may be missed by threshold-based classification
approaches. Because the two snow-related types respond differently to warming (Figs. 4-6), classification schemes that merge
them can mask divergent trajectories of compound flood risk in transition regions such as the pre-Alps.

Our findings indicate that warming increases rainfall-driven and rain-on-snow floods across most catchments, while reducing
saturation excess (rain and snow) and snowmelt-driven events. Moreover, extreme flood risk (100-year return level) is expected
to increase considerably for rainfall-driven and rain-on-snow floods (by up to 50 % under 4 K warming in some catchments),
while snowmelt-driven 100-year floods decrease by up to 13 %. The shift from snow-dominated to rainfall-dominated flooding
due to climate change is also identified in other studies (Brunner et al., 2019; Hanus et al., 2021; Willkofer et al., 2024; Niu et
al., 2025). Vormoor et al. (2016) found precipitation to have an increasing role in flood generation in Norway between 1962
and 2012, while the role of snowmelt decreased over the same period. Ombadi et al. (2023) project that the risk of extreme
rainfall events in mountainous regions will increase as the fraction of snow decreases due to climate change. The implication
of higher precipitation—snow ratios is a higher magnitude of floods (Davenport et al., 2020). For rain-on-snow specifically,
Hotovy et al. (2025) conducted a perturbation experiment with warming in the range of 0—4 °C and precipitation in the range
of 80—120 %. They found that rain-on-snow events in Central European middle mountain ranges and the European Alps show
a broad range of alterations in a warmer climate. While warming leads to a lower contribution of rain-on-snow events to total
runoff in the Czech Republic and Switzerland, this effect can be offset by wetter perturbations with 110 % and 120 % annual
precipitation. Furthermore, they diagnosed that the frequency of rain-on-snow events depends on the elevation of the respective
catchments. However, they did not investigate the magnitude of rare flood events. In areas with persistent snow cover, rain-
on-snow flood risk is projected to increase due to the shift from snowfall to rainfall (Musselman et al., 2018). While our results
support this trend, the projected rate of increase in rain-on-snow flood risk is higher at +3 K than at +4 K for the Lech
catchment. This nonlinear response reflects diminishing snowpack availability, with +4 K warming representing an inflection

point at which rain-on-snow flood risk starts to diminish (Beniston et al., 2016; Musselman et al., 2018). For the Ammer
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catchment, which has the lowest mean elevation of the four study catchments at 800 m above sea level, no significant change
in ROS flood intensity is diagnosed. The seasonality shifts observed here in snow-influenced catchments are consistent with
projected changes reported for similar Alpine catchments (Koplin et al., 2014).

The pre-Alpine region is a hydro-climatological transition zone, exhibiting high heterogeneity in catchment responses to
warming (Poschlod et al., 2020b). As snow cover diminishes, flood generation mechanisms become increasingly catchment-
specific, driven by localised interactions between precipitation intensity and soil moisture states (Massari et al., 2023;
Staudinger et al., 2025). While effective for global or large-scale assessments, threshold-based classification frameworks may
miss the continuous evolution of compound drivers observed in our study. This is specifically true for transition regimes like
pre-Alpine (Vormoor et al., 2015). Our unsupervised approach defines flood typologies directly from the studied data. This
allows for the identification of shifts and particularities in flood generation from certain regions, providing a more robust basis
for adaptation planning in complex topographies.

The hydro-SMILE simulations rely on a single climate model (CanESM2-LE downscaled with CRCMS5) and hydrological
model, which means that our results do not account for the structural model uncertainties across different climate and
hydrological models. While the CRCM5-LE still covers a wide range of climatic change as represented by the multi-model
EURO-CORDEX ensemble (Leduc et al., 2019, von Trentini et al., 2019), future multi-model ensemble studies could provide
a more comprehensive picture of the plausible range of future changes. Extreme events are typically underrepresented in model
simulations (Schewe et al., 2019). While large ensembles can help mitigate this limitation (Willkofer et al. 2024), alternative
approaches, including storylines, historical investigations of past extremes and the UNSEEN approach, offer additional
insights in dealing with (future) extreme events (Kelder et al., 2025, Goulart et al., 2024, Thompson et al., 2017). A further
limitation stems from classification as an approach in itself. Non-fuzzy classification methods impose discrete boundaries on
what is in reality a continuum of compound flood-generating processes, so that events lying between two flood types are
assigned to a single event type. Using large ensembles allows us to assess the robustness of our classification approach to the
input dataset used, and we find that the obtained categories, and the resulting projections in flood magnitude under climate
change, are highly consistent with those obtained when using single ensemble members only. When using observation data,
assessing the robustness of this approach would be highly challenging. Furthermore, we select the hydrometeorological
features to use for clustering based on domain knowledge and the labelling of the clusters as flood types ultimately relies on
expert interpretation based on post-hoc analysis of the characteristics of the flood events in each cluster. Using alternative
features, clustering algorithms or labelling could shift individual events between types, although we expect the catchment-
scale frequency and seasonality signals reported here to be robust to such choices.

The results of this study have practical implications for flood risk management. There are multiple water reservoirs and dams
in the European Alps, which serve several objectives in the region, including flood protection, hydroelectric power generation,
and water supply. The projected changes in the seasonality of different flood types can inform reservoir management, while

the projected changes in flood magnitude show the need to adapt the dimensions of flood-protection measures. More generally,
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the increase in future flood risk due to climate change suggests that investment in civil protection and preparedness will be
required for optimal performance (Kellner et al., 2021).

Understanding the changes in risk per flood type (i.e. rainfall-driven and rain-on-snow) can inform adaptation efforts, such as
the type of early warning system to be used (Green et al., 2025), and the operational changes needed in water resources to
continuously meet their multiple objectives (Herman et al., 2020). By disentangling flood types, we also identify earlier
seasonal flood projections in catchments where snow-related flood processes are important, which is also relevant for flood
preparedness (Vormoor et al., 2015). Potential applications include coupling the large-ensemble framework with impact
models to quantify economic damages and risk to people (Mester et al., 2023, Goulart et al., 2025), critical infrastructure
vulnerability (Miihlhofer et al., 2023, Goulart et al., 2024), and ecosystem disruption (Wright et al., 2015, Parasiewicz et al.,
2019). The framework also allows for storylines to be created from the large ensemble to investigate specific flood events and
their potential impacts in detail (Van den Hurk et al., 2023, Goulart et al., 2021). The data-driven clustering algorithm is
transferable to other regions while preserving a high level of regional detail, provided sufficient data for training is available.
In sum, this study introduces a data-driven, unsupervised machine learning framework to classify different types of riverine
compound floods and assesses how the risk associated with each specific type evolves under climate change. The framework
is applied to hydrometeorological data from a large ensemble chain of models that include historical and future time periods
in four Bavarian pre-Alpine catchments. The unsupervised clustering identifies five physically distinct types of riverine
compound floods in the areas studied, which offer more detail than a global classification framework. Our analysis reveals an
increase in flood risk in the study area, and a shift in the dominant types of floods, from snow-based to precipitation-based
floods. These findings carry practical applications to flood risk management and water resources operations, and they can be

used to inform climate adaptation strategies.

Appendix A: Additional information

Table Al: Table comparing the equivalent classification of each method for the same events (in percentage).

Short Long Excess Rain/snow  Snowmelt Other

Stein method/ clustering rain rain rain
Rainfall-driven 12.05 9.83 3.34 0.35 0.45 0.32
Saturation excess (rain) 4.85 24.75 5.04 0.74 1.95 0.70
Rain-on-snow 2.11 5.68 1.24 5.38 2.09 0.00
Saturation excess (rain and  0.06 0.12 0.07 8.98 3.70 0.12

SNow)

Snowmelt-driven 0.10 0.00 0.01 0.76 4.79 0.43
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Code and data availability
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