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Abstract. In Germany, severe trans-basin winter floods are often generated by rain-on-snow (ROS) phenomena. Under suitable

conditions, when rain falls on the snow cover, the snow can melt and produce extreme amounts of runoff. In a warming

climate, the frequency of ROS events is expected to change locally depending on elevation and regionally based on the general

climate conditions. Consequently, the characteristics of ROS-driven winter floods are also anticipated to change. To investigate

these changes, streamflow for multiple gauge stations in Germany was simulated using a deep learning model based on an5

ensemble of downscaled climate projections. Germany, as a representative mid-latitude country with a considerable portion of

historical floods generated by ROS, offers extensive spatial and temporal coverage of hydrological observations spanning long

temporal scales, and hence warranting efficient training of the deep learning model. We used explainable artificial intelligence

to examine flood-generating processes, focusing primarily on ROS, for every simulated flood peak. Changes in frequency,

feature importance, and magnitude of ROS flood events were assessed for individual streamflow gauges and for trans-basin10

floods across four major river basins in Germany. We found that with regard to the ensemble median, the frequency of ROS

floods will decrease at the scale of individual gauges, as well as at the trans-basin scale for the Rhine, Elbe, and Weser River

basins but increase in the Danube River basin. For all regions, the snowmelt component during ROS floods becomes less

relevant, whereas the contribution of rainfall to these events increases. Interestingly, the severity of both the mean and the most

extreme ROS trans-basin floods is projected to increase compared to the historical period in all major river basins in Germany,15

even though several individual gauges may experience a decrease in magnitude. Despite the overall agreement in the trends

of the input features across climate models, the resulting trends in ROS floods are considerably disparate. This discrepancy is

primarily attributed to the variations in snow dynamics in different climate models.

1 Introduction

Events in which rain falls on an existing snowpack and generates additional runoff are called rain-on-snow (ROS) events. Such20

events are very common in mid-latitude regions of the Northern Hemisphere (Cohen et al., 2015) such as the Pacific Northwest

USA and Canada (e.g., McCabe et al., 2007; Trubilowicz and Moore, 2017), central and northern Europe, and Eurasia (e.g., Sui

and Koehler, 2001; Ye et al., 2008; Pall et al., 2019), and high-mountain regions in Asia (e.g., Ohba and Kawase, 2020; Maina

and Kumar, 2023). ROS events can produce large amounts of runoff, making them an important process for flood generation
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(Sui and Koehler, 2001; Merz and Blöschl, 2003). Both rainfall and snowmelt can contribute significantly to the generated25

runoff, with the dominant role varying depending on the location and season (Trubilowicz and Moore, 2017; Li et al., 2019).

For the melting process itself, rainfall contributes only a small amount of total energy, while net radiation and turbulent heat

fluxes supply most of it (Mazurkiewicz et al., 2008; Li et al., 2019). However, the rainfall plays a critical role by saturating the

snow cover and triggering fast runoff (Rössler et al., 2014).

ROS events occur primarily from October to May in low- to mid-elevation regions (McCabe et al., 2007; Cohen et al., 2015),30

but have also been reported in September and during the summer months, especially in high-elevation regions (McCabe et al.,

2007; Morán-Tejeda et al., 2016; Beniston and Stoffel, 2016). With increasing temperatures fueled by global warming, changes

in the frequency and magnitude of runoff generated by ROS events, as well as a higher associated flood risk, are expected

(Freudiger et al., 2014; Musselman et al., 2018; Chegwidden S et al., 2020). Observations generally indicate an increase in

ROS frequency for high-elevation basins, while lower-elevation regions show a decrease, depending on the season (Freudiger35

et al., 2014; Pall et al., 2019; Ondrej Hotovy and Jenicek, 2023). These studies attribute the change in ROS frequency mainly

to an increased frequency of rainfall during the winter half of the year, which is the result of warmer air temperatures, and to

the lack of persistence of a pre-existing snowpack.

In recent decades, the frequency and magnitude of floods have changed and are expected to change further in a warming climate

(e.g., Petrow et al., 2009; Rojas et al., 2012; Blöschl et al., 2019; Bertola et al., 2020; Huang et al., 2022; Chegwidden S et al.,40

2020). These changes in the frequency, timing, and magnitude of floods depend on the type of flood and the specific region

(Tarasova et al., 2023). Blöschl et al. (2017) demonstrate a spatially heterogeneous trend in flood timings across Europe,

finding that floods related to snowmelt tend to occur earlier in the year. Similar to the changes in flood timings, changes in

flood magnitude are also spatially heterogeneous across Europe, although clear patterns emerge for regions experiencing an

increase or a decrease in flood magnitude (Blöschl et al., 2019).45

For the USA, Huang et al. (2022) observe a decrease in the frequency and magnitude of ROS-driven floods during the period

from 1960 to 2018. This trend of decreasing ROS-driven floods is projected to continue in an RCP8.5 scenario (Chegwidden S

et al., 2020). For an RCP4.5 scenario the decrease in ROS-driven floods is similar in low-elevated basins, but much weaker in

mid to high-elevated basins. In contrast, for a future RCP4.5 scenario in Europe, Sezen et al. (2020) find that for two rivers

in Slovenia, the frequency of ROS floods will increase, with a peak in the period from 2041 to 2070 along with a generally50

weaker seasonality. Their results also suggest that the median ROS flood magnitude will decrease, while extremes could

become stronger. Also, Beniston and Stoffel (2016) find that for a basin located in Switzerland, a temperature rise of 4-5°C

will increase ROS frequency by about 40% at low elevations and 200% at high elevations. However, for temperature increases

of more than 5°C, this trend reverses.

Germany, as an example of a mid-latitude country in Central Europe, with rivers of varying elevation that are frequently affected55

by ROS events (Sui and Koehler, 2001; Freudiger et al., 2014; Tarasova et al., 2020a). The current understanding of changes

in ROS events in Germany is fragmented. On one hand, the simulations of ROS events by Dong and Menzel (2020) show a

significant reduction of the snow water equivalent (SWE) during winter periods during 1961 to 2016 in Rhineland-Palatinate,

a mid-range upland region located within the Rhine basin in Germany. On the other hand, their simulations show that the ROS
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frequency increases in February since the 1990s, while there has been a decrease in January and March. For the major basins60

in Germany, Freudiger et al. (2014) found an increase in ROS magnitude in upland basins, during the latter half of the period

from 1950 to 2011, but at the same time a decrease in ROS frequency in both upland and lowland basins.

Kemter et al. (2020) investigated the relevance of flood-driving mechanisms in Europe and their change for a downscaled

reanalysis data set during the time period from 1960 to 2010. They find that soil moisture excess has the largest relevance

in northern and middle Germany followed by ROS, snowmelt and stratiform rain. Compared to other regions in Europe, the65

relevance of flood-generating processes is quite balanced in Germany. Over the Alps, the dominating process is stratiform

rain. They find a negative shift in relevance for snowmelt in middle to southern Germany and a positive shift in ROS in these

areas. Outside these areas, ROS becomes less relevant. In contrast, the relevance of soil moisture excess increases significantly

across Germany. These findings are supported by the findings of Tarasova et al. (2023), who also find a decrease in ROS flood

frequency in the time period from 1960 to 2010 and an increase in floods triggered by rainfall on wet soil.70

River floods in Germany are often widespread and affect a large part of the river network (Uhlemann et al., 2010) and therefore

can have high socio-economic impacts with damages of multiple billion Euros and loss of life (Ulbrich and Fink, 1995; Ulbrich

et al., 2003; Petrow et al., 2006; Merz, Bruno et al., 2014, e.g.,). In winter, these floods are often associated with ROS events

(Krug et al., 2020). Therefore, the changes projected by previous studies for ROS floods on the catchment scale may also be

present on a widespread trans-basin scale. The results of Sezen et al. (2020) show a great variability in terms of projected75

changes in ROS flood frequency and magnitude between the different climate models. Two different models could project

divergent trends in frequency and magnitude of ROS floods for the same emission scenario. This underlines the need of an

ensemble-based assessment of trends in flood-generating processes.

The attribution of the generating processes to flood events strongly depends on the method and perspective of the classification

(Tarasova et al., 2019). Additionally, Tarasova et al. (2020b) show that a significant part of classification uncertainty originates80

from the uncertainty of the hydrological model. To overcome the issue of model and classification uncertainty and isolate

the variability of climate models, we use a state-of-the-art deep learning approach, Long-Short Term Memory model (LSTM)

(Kratzert et al., 2018) to simulate streamflow at multiple gauge stations in Germany. We use these simulations in combination

with an explainable artificial intelligence (XAI) technique to interpret the feature importance each simulated flood peak. We

then apply a ratio-based classification of the feature importance as suggested by Tarasova et al. (2020b) to identify ROS-85

generated floods in a large ensemble of climate simulations under the high-emission RCP8.5 scenario.

2 Data and Methods

2.1 Study area and training data

We consider 97 streamflow gauges (Fig. 1) located in the German parts of the Rhine, Danube, Elbe, and Weser River basins.

The gauges were selected based on the availability of daily river discharge and corresponding watershed boundaries from the90

Global Runoff Data Centre (GRDC) data set (https://grdc.bafg.de/), as well as based on the availability of classification of

flood peaks based on their generation processes from the previous study of Tarasova et al. (2020b). Only gauges with a daily
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Figure 1. Study area and gauge stations. The thick black outlines show the Germany affecting parts of the 4 major river basins of the Rhine,

Danube, Elbe and Weser rivers. The gauge stations are represented by the circles, with the blue color scale representing their basin area. The

non-transparent parts of the major river basins are covered by the gauge stations. The elevation data is taken from the ETOPO Global Relief

Model (NOAA National Centers for Environmental Information, 2022).

river discharge observation time series and available watershed boundaries from the Global Runoff Data Centre (GRDC) data

set (https://grdc.bafg.de/) were included. The time series of 72 gauge stations begin in 1950, 13 in the 1950s, 9 the 1960s, and

3 in the 1970s. The sizes of the study catchment areas range from 127 and 23,719km2.95

The deep learning model was trained using the ERA5 reanalysis data set (Hersbach et al., 2020) to simulate observed stream-

flow. The input features included catchment-averaged near surface temperature, liquid precipitation, snowfall, snowmelt, snow

amount, surface runoff, subsurface runoff and day length. Liquid precipitation was calculated by subtracting snowfall from

total precipitation, while subsurface runoff was determined by subtracting surface runoff from total runoff.

100

2.2 Deep learning model

Streamflow was simulated using a Long-Short-Term Memory (LSTM) model (Hochreiter and Schmidhuber (1997)) with the

base setup as described in Jiang et al. (2022a) and Jiang et al. (2022b). The model consists of a single LSTM layer with 32

neurons and a dense layer with 1 neuron. An adaptive learning rate, the adaptive moment estimation (Adam) optimizer (Kingma

and Ba, 2017), and a batch size of 1024 were selected for model training. The past 150 time steps (in this case, 150 days) were105

used to simulate river discharge for each day in the time series.

For each individual gauge, 10 independent LSTM models were trained using different segments of the time series by applying
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10-fold cross-validation. The performance of the LSTM on the test segments was measured using the Nash-Sutcliffe Efficiency

(NSE) (Nash and Sutcliffe, 1970).

As Kratzert et al. (2018) demonstrate, a regionally-trained LSTM outperforms an LSTM trained for individual catchments.110

However, Jiang et al. (2022a) point out that a regionally trained LSTM can complicate the interpretability of flood-generating

processes. For this reason, we opt for individually trained LSTMs in this study.

2.3 Identification of flood-generating processes

For the identification of flood peaks, a simple peak over threshold (POT) method was applied to all discharge time series. The

threshold was set to detect an average of 5 peaks per year. Peaks detected using the POT method are referred to as POT5 peaks.115

Every peak exceeding the discharge of the flood with a return period of 2 years (Q2) is considered a flood event.

Similarly to Jiang et al. (2022a), the flood-generating processes of the discharge peaks were analyzed using the XAI method

integrated gradients (IG) (Sundararajan et al., 2017). This method interprets the model gradients used for predictions, providing

the importance of each feature for each time step in predicting a single time step of the target variable. In this case, at a given

time step (e.g., the date corresponding to a flood peak), the IG method computes 150 values (corresponding to the number of120

time steps used for prediction) for each input feature (i.e., 7 atmospheric variables and day length).

Since our focus is particularly on ROS floods, we only utilized liquid precipitation, snow amount, and snowmelt (i.e., input

features that directly relate to the generation of ROS events) for the XAI analysis. However, it is important to note that all

other input variables are crucial for the reliable performance of LSTM (i.e., removing any of them results in inferior model

performance). All IG values were normalized to account for the different scales of the input features and to enhance compara-125

bility between the different peak magnitudes and gauges. Finally, a discharge peak was defined as ROS-driven if the proportion

between the sum of absolute IG values of snowmelt (IGsm) and snow amount (IGsnw), and liquid precipitation (IGprl) was

between 0.1 (very low importance of snowmelt and very high importance of liquid precipitation for flood generation) and

10 (very high importance of snowmelt and very low importance of liquid precipitation for flood generation) to exclude flood

events mainly driven by rainfall or snowmelt:130

IGROS =
∑4

n=0 |IGsm|+ |IGsnw|∑4
n=0 |IGprl|

(1)

0.1 < IGROS < 10 (2)

An IGROS value of 1 indicates equal importance for both features to the LSTM. We further investigate the suitability of the

selected thresholds (see Result Section).

Generally, the values of IGprl and IGsnm were positive (indicating that high liquid precipitation and snowmelt were impor-135

tant), while the values of IGsm were negative (indicating that a reduction in snow amount was important). Consequently, the

absolutes of the IG values were used for further calculations. To calculate IGROS for a given time step, the IG values were
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selected from a window of 5 time steps (the current and the past four time steps). This window was selected based on the lin-

ear correlation between the resulting IGROS values for the ERA5-driven simulated discharge peaks and the actual ratio of the

snowmelt and liquid precipitation variables from ERA5 (see Fig. A1) and its suitability was further tested (see Results Section).140

The XAI-based classification of flood events is evaluated using classified events from Tarasova et al. (2020b) as a benchmark.

They used high-resolution (1km) observational precipitation and snowmelt simulated by a regionally calibrated hydrological

model (4km). According to their definition, for a ROS event, both the ratio between total event snowmelt and the sum of total

event snowmelt and rainfall (to exclude snowmelt floods) and the ratio between total event rainfall and the sum of total event145

snowmelt and rainfall (to exclude rainfall events) must be lower than 0.95. Additionally, they distinguished between ROS and

spatially unrelated rainfall and snowmelt. As we do not have information on the spatial distribution of rainfall and snowmelt

due to the catchment-averaging, both cases will be treated as ROS. As a measure of classification quality, multiple skill scores

will be considered.

Accuracy is defined as the ratio of correct classifications to total classifications:150

ACC =
TP + TN

TP + TN + FP + FN
(3)

Correct classifications are called true positives (TP) and true negatives (TN). False classifications are named false positives

(FP) and false negatives (FN).

Precision is defined as the ratio of true positives and all detected positives (the sum of true positives and false positives):

PRE =
TP

TP + FP
(4)155

Recall is defined as the ratio of true positives and all actual positives (the sum of true positives and false negatives):

REC =
TP

TP + FN
(5)

As we aim for the best possible match under consideration, that the frequency of ROS and non-ROS is not equal, the F1 score

is used to balance false positives and false negatives. The F1 score is the harmonic mean of precision and recall and defined as:

160

F1 =
2TP

2TP + FP + FN
(6)

For all scores, a value of 1 indicates a perfect classification.

2.4 Trans-basin floods

As trans-basin winter floods in Germany are often driven by ROS events (Krug et al., 2020), the changes in flood-generating

processes for trans-basin floods are investigated in addition to those for individual gauges. To identify trans-basin floods, the165

severity of flood events from all gauges within an 11-day window throughout the entire time series was calculated similarly to

the method described by Uhlemann et al. (2010):
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S =
∑

i∈Ω

{
λi×

QP
i

κ

}
; QP

i ≥ κ (7)

The severity S is defined as the sum over all gauges affected by a discharge peak (with discharge QP
i ) that exceeds the flood

with a return period of 2 years (κ = Q2). Unlike in Uhlemann et al. (2010), the weight factors λi represent the catchment area170

rather than the length of the river network within a catchment. In the case of nested catchments, the weights of the catchments

were adjusted according to their areas. The severity peaks were then identified in the resulting severity time series and defined

as the trans-basin flood events. A 10% threshold of affected basin area was applied as the minimum required area to identify

a trans-basin flood. Furthermore, for a trans-basin flood to be considered a ROS trans-basin event, a minimum of 30% of the

affected basin area (i.e, the total area of all catchments with a flood event within a major river basin during a trans-basin flood)175

must be affected by ROS floods. We examined the effect of this threshold by varying it from a very low ROS contribution

(i.e., at least one gauge has to be affected by ROS) to more substantial ones (i.e., 50% of the area must be affected by ROS).

Our preliminary tests showed that while some of the absolute values of trans-basin ROS flood properties (e.g., the number of

trans-basin ROS floods) vary depending on the selected threshold, the projected changes for future climate scenarios remain.

2.5 Climate simulations180

To analyze changes in the flood-generating processes of ROS floods, the ERA5-trained LSTM was used to simulate stream-

flow for 31 downscaled CORDEX CMIP5 historical and high-emission RCP8.5 climate simulations (available at https://esgf-

metagrid.cloud.dkrz.de/). An overview of all selected combinations of global and regional climate models (GCM and RCM) is

provided in Table A1. For climate simulations downscaled with the ALADIN63, HIRHAM5 and RACMO22E models, glacial

areas were masked to avoid erroneous interpretations of snowmelt dynamics in these regions. The GCM-RCM simulations185

were bias-corrected using quantile delta mapping (Cannon et al., 2015).

In addition to the climate scenarios, streamflow was also simulated using the LSTM for the ERA-Interim-driven (Dee et al.,

2011) evaluation runs for each RCM. This provides information on the ability of downscaled reanalysis (i.e. ERA-Interim-

RCM) to reproduce the results produced by raw reanalysis (i.e., ERA5) when training the LSTM and driving the ERA5-trained

LSTM and can reveal the impact of the RCM induced biases in climate simulations on streamflow modeling when driving or190

training the LSTM. For the evaluation runs, the streamflow was simulated in three different ways:

1. Using the raw ERA-Interim evaluation run to drive the ERA5-trained LSTM to show the full impact of RCM induced

biases for downscaled reanalysis on streamflow simulation.

2. Training the LSTM with the raw ERA-Interim driven evaluation run (instead of ERA5) and simulate the streamflow for195

the raw ERA-Interim evaluation run. In this way, the LSTM learns the characteristics and thus the biases of the ERA-

Interim-RCM system. Assuming an accurate spatial and temporal representation of, e.g., precipitation events in the
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downscaled reanalysis, the ERA-Interim-RCM-trained LSTM has the potential to outperform the ERA5-trained LSTM

while internalizing the RCM biases and enhancing the quality of the GCM-RCM-driven streamflow simulations.

3. Using the bias-corrected ERA-Interim evaluation runs to drive the ERA5-trained LSTM to reduce the impact of RCM200

induced biases on streamflow simulation from the first case.

For the climate scenarios, the changes in ROS flood frequency, the importance of snowmelt, mean and maximum flood

magnitudes, mean flood timing, and, specifically for trans-basin floods, the total ROS-affected basin area were calculated.

Changes in flood magnitudes were assessed by ranking all flood events for each gauge and each simulation over the entire

period of 1950 to 2100. These ranks were then normalized to a value between 0 and 1 to account for the varying numbers205

of ROS floods produced by the LSTM driven with different climate models. As LSTMs are known to perform poorly when

extrapolating events which they have not seen during training, magnitudes of future extreme floods and the resulting changes

in magnitude can potentially be heavily underestimated (e.g., Song et al., 2025). We try to overcome this issue by applying

the ranking and stating if flood magnitude increases rather than by how much (e.g., the magnitude of a future flood may be

heavily underestimated, but it still ranks highest). Consequently, instead of the usual 30-year period used for climate, the time210

series were divided into four overlapping 60-year periods to mitigate the influence of rare and extreme floods on the assessment

of flood magnitude changes. The period from 1951 to 2010 is defined as the reference period (REF), while the periods from

1981 to 2040, from 2011 to 2070 and from 2040 to 2100 are referenced as 1981-2040, 2011-2070 and 2040-2100, respectively.

All properties and trends were calculated individually for each GCM-RCM-driven simulation. For each gauge, the ensemble

median was calculated as the median of trends. The significance of the trends (P < 0.05) was determined by applying the215

Mann-Whitney U test (Mann and Whitney, 1947) to the ensemble.

To gain further insight into potential changes in ROS floods, changes in various aggregations of the variables used for ROS

classification (and related variables) (i.e. snow amount, snowmelt, snowfall and liquid precipitation) were evaluated as well

(see Table 1). The 5-day sums for calculating extremes were chosen based on the 5-day window for the XAI.

3 Results and Discussion220

In the first part, the simulation quality of the LSTM models is evaluated, and the identified flood events and flood-generating

processes are compared with the results of previous studies. In the second part, the properties of ROS floods and their changes

are analyzed and discussed for climate projections.

3.1 Evaluation of the LSTM simulations

3.1.1 ERA5-based training225

Figure 2 shows the performance of the LSTM in relation to the size of the gauge station catchments. The simulation accuracy

is relatively high for the vast majority of gauges (i.e., 94 out of the 97 gauges have a NSE of at least 0.5), with particularly

strong performance for larger catchments. The lower performance for catchments with an area smaller than 600 km2 is likely
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Table 1. Calculated quantities

value period

mean annual maximum snow amount whole year

maximum snow amount whole year

mean annual snow days (SWE > 15mm)1 whole year

mean annual maximum 5-day snowmelt October to May

maximum 5-day snowmelt October to May

mean annual snowfall amount October to May

mean annual maximum 5-day snowfall October to May

maximum 5-day snowfall October to May

mean annual liquid precipitation amount October to May

mean annual maximum 5-day liquid precipitation October to May

maximum 5-day liquid precipitation October to May

mean ROS water2 whole year

maximum ROS water2 whole year

number of ROS events3 whole year

1A gid cell is considered as fully covered by snow if the snow amount exceeds 15mm SWE.
2ROS water is here defined as the sum of 5-day liquid precipitation and snowmelt if both

ratios of both quantities are larger than 0.1. The ratio of 0.1 was chosen based on the ratios

of the XAI-based classification. Note, that the values cannot be translated 1:1 and the LSTM

values snowmelt more than liquid precipitation (see Fig. A1 (b)). However, the results do not

change, if a less strict ratio (i.e., 0.01) is applied.
3If conditions of 2 are met.

attributed to the coarse spatial resolution of ERA5.

Additionally, the variable performance of the LSTMs can be linked to anthropogenic activities, such as dams and reservoirs. For230

example, the Müglitz River at Dohna presents an extreme case with an average NSE of only 0.09. In recent decades, two flood

control reservoirs have been constructed in the Müglitz River, potentially disturbing the relationship between the atmospheric

variables, which are considered as input variables in our model setup, and the observed discharge. Since a low performance of

the deep learning model inevitably affects the interpretability of explainable machine learning approaches (Stein et al., 2021),

we exclude this gauge from further analysis.235

The ERA5-driven LSTM generally also shows good agreement in terms of observed flood peak simulations. Figure 3 il-

lustrates the accuracy of detecting POT5 peaks and floods (Q > Q2) for all individual gauges in the ERA5-driven streamflow

simulations of the LSTM model compared to the observations. A POT5 peak or flood is counted as true positive if the dates

of the observed and simulated peaks are not more than 3 days apart. The dates of POT5 peaks did matched or were shifted by240

only 1 day on average for about 80% to 95% for 85 out of 96 gauges. For the remaining 11 gauges, up to 60% of POT5 peaks
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Figure 2. The NSE performance of the 10 individually trained LSTMs for the test segments of the time series for streamflow simulation for

each river gauge depending on the catchment area. The black lines represent the best and worst of the LSTM ensemble. The color shows the

standard deviation (std) of the 10 individual LSTMs.

exhibited a time shift of 2 or 3 days. The accuracy of POT5 peak identification generally lies between 60% and 85% for 91

gauges. For flood detection, the accuracy is slightly lower with values ranging from 35% to 80%.

The observational POT5 peaks are both underestimated and overestimated in the ERA5-driven simulation, with the majority

being underestimated (Fig. 4). The ability of the ERA5-driven LSTM model to simulate floods, particularly their timing, war-245

rants further investigation into changes in flood-generating processes using XAI, even if the magnitudes of the corresponding

events are underestimated or overestimated (Tarasova et al., 2023).

The adapted definition of trans-basin floods successfully reproduces most of the detected trans-basin floods from Uhlemann

et al. (2010). During the period from 1952 to 2002, 104 trans-basin floods were identified in the observations. Out of the 80250

trans-basin floods documented by Uhlemann et al. (2010), only 15 were not identified in our simulations, with most of the

missing widespread floods occurring in summer (80%). Nevertheless, the higher-ranked trans-basin floods are well represented

(Table S1). Moreover, certain events might not be captured due to the differences in the considered gauges and in the definition

of trans-basin floods used in this study and in the study of Uhlemann et al. (2010) (i.e., weighting of gauges by catchment area

rather than the length of the river network, as well as different flood thresholds).255

The ERA5-driven LSTM simulation appears to represent trans-basin floods effectively (Fig. 5(a)). From 1951 to 2015, 127

trans-basin floods were detected in the observations and 119 in the ERA5-driven simulation. Of the 127 detected floods in the

observations, 98 were identified in the ERA5-driven simulation.

Most trans-basin floods occurred between December and March for both the observations and the ERA5-driven LSTM simu-
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Figure 3. Percentage of detected POT5 peaks and floods (Q > Q2) of the observations that were detected in the test segments of the ERA5-

driven simulations of the LSTM model and the percentage of POT5 peaks which had the same peak date or a date shifted by only 1 day. The

gauges are sorted by their average NSE-based performance of the LSTM model for simulating observed streamflow time series.

Figure 4. Relative differences in magnitudes between observational POT5 peaks and the simulated POT5 peaks from the ERA5-driven

simulation. Differences are shown for POT5 peaks, that are present in both time series (true POT5), POT5 peaks which are detected in the

ERA5-driven simulation but not in the observations (false POT5), and POT5 peaks which were detected in the observations but not in the

ERA5-driven simulation (missing POT5).

lation (Fig. 5 (b)). The number of trans-basin floods between June and October is lower in the ERA5-driven simulation than in260

the observations. Additionally, the number of trans-basin floods in summer and autumn is considerably lower than for winter
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Figure 5. Time series of trans-basin flood frequency for the ERA5-driven LSTM simulation and the GRDC observations (a), temporal

distribution of trans-basin floods for the ERA5-driven simulation and the GRDC observations (b) and seasonal distribution of trans-basin

ROS floods including the 20 highest ranked ROS floods for the ERA5-driven simulation (c).

and spring for both time series. The distribution of trans-basin ROS floods for the ERA5-driven LSTM simulation (Fig. 5 (c))

shows that most trans-basin floods in Germany are (at least partly) ROS-driven. Furthermore, no trans-basin ROS floods were

detected between August and October for the ERA5-driven simulation. The top 20 highest-ranked ROS floods in the ERA5-

driven simulation mainly occurred from January to March with only three of these floods happening in December (2) and April265

(1).

A comparison of flood-generating processes for individual gauges between the XAI-based interpretation of the ERA5-driven

simulation and the attribution by Tarasova et al. (2020b) shows that a time window of 5 days for feature attribution in the XAI-

based classification and a minimum IGROS of 0.1 as a lower limit for ROS floods yield the best results (Fig. 6). While accuracy270

and precision achieve optimal results for longer time windows and higher minimum ROS thresholds, recall exhibits the opposite

trend. This discrepancy is attributed to the higher proportion of rainfall-driven floods in Tarasova et al. (2020b) compared to

the results from the ERA5-driven simulation of this study. Increasing the minimum thresholds for ROS floods increases the

number of non-ROS floods, thereby enhancing accuracy and precision. The resulting F1 score, which balances precision and

recall, is highest for windows larger than 4 days (as suggested by the correlation in Fig. A1) and lower minimum IGROS275

thresholds. The primary difference from the results from Tarasova et al. (2020b) can be linked to the different data sets used

for flood process attribution. They used high-resolution (1km) precipitation and snowmelt simulated by a regionally calibrated
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Figure 6. Comparison of ROS and non-ROS floods according to the classification of Tarasova et al. (2020b) using interpolated observed

precipitation and snowmelt simulated by a regionally calibrated hydrological model and the XAI-based classification of floods using ERA5-

driven simulations of the LSTM model from this study. Accuracy (a), precision (b), recall (d), and F1-score (d).

hydrological model (4km). For a minimum IGROS of 0.1 and across all gauges, a snowmelt peak was present in ERA5 for

98% of all POT5 peaks classified as rainfall-driven according to Tarasova et al. (2020b). This discrepancy likely arises from the

coarse resolution of ERA5, which could lead to an inaccurate representation of snowmelt processes, particularly for smaller280

basins. However, no relationship was found between the F1 score and the basin area.

The results indicate that the ERA5-driven LSTM simulation and the XAI-based classification of ROS floods can effectively

reproduce the findings of previous observation-based studies.

3.1.2 ERA-Interim-driven simulations

The ERA5-trained LSTMs driven by the raw output from the CORDEX evaluation runs (RCM-ERA-Interim) fail to accurately285

reproduce streamflow dynamics in the study area (Fig. 7 (a)), with almost all models performing rather poorly (i.e., negative

NSE for nearly all gauges). In particular, the LSTM runs driven by the outputs from HIRHAM5 and ALADIN63 perform very

poorly.

In contrast, the LSTMs trained on the raw CORDEX evaluation runs show considerably better performance (Fig. 7 (b)). Al-

though this performance improves considerably, it remains inferior to that of simulations trained and driven by ERA5. While290

peak flows are underestimated, the overall representation of the streamflow dynamics is greatly improved (Fig. 7 (e)).

Using the bias-corrected output from the CORDEX simulation runs to drive the ERA5-trained LSTM massively improves the

performance of the streamflow simulation compared to the raw evaluation runs. This improvement in performance is compara-

ble to the improvement achieved by training the LSTM directly with the evaluation runs instead of ERA5 (Fig.7 (c)). Because

training of an LSTM for each individual RCM has a much higher computational cost compared to bias-correction of the data295
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Figure 7. Streamflow simulation accuracy of the ERA5-trained LSTM driven by the raw RCM-ERA-Interim (a and d), the RCM-ERA-

Interim-trained LSTM (b and e) and the ERA5-trained LSTM driven by the bias-corrected RCM-ERA-Interim (c and f). The top panel

shows the mean NSE of the streamflow simulations for each basin. The lines are sorted from worst to best performing model. The bottom

panel shows an example of the resulting predicted discharge for 365 time steps of the testing data for the Ingolstadt station. The GRDC

observations and the simulated ERA5-driven discharge are added as reference.

and does not greatly improve the performance of the simulation, we prefer the latter method in this study.

3.1.3 Historical period of RCM-GCM-driven simulations

To evaluate the simulation quality of the climate projections, the climatology for the REF period is compared with GRDC

observations for the 31 GCM-RCM-driven and ERA5-driven simulations. The ensemble median annual streamflow closely300

aligns with the GRDC observations (Fig. 8). For most gauges, it is overestimated by up to 15% for the ensemble median and

25% for the 90th percentile. Only at eight gauges is the mean streamflow underestimated in the median, and to a lesser extent.

In contrast, for the ERA5-driven simulation, the mean streamflow is underestimated in more cases than it is overestimated.
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Figure 8. The climatological difference for mean streamflow and mean annual maxima between the ensemble of the RCM-GCM-driven

simulations and the GRDC observations, and between the ERA5-driven simulation and the GRDC observations. The stations are sorted by

the amount of difference separately for each line.

The mean annual maxima are consistently lower by up to 50% for the ensemble median and are only overestimated for a

few gauges within the 10th to 90th percentiles. The mean annual maxima for the ERA5-driven simulation show even higher305

underestimation than those for the ensemble median. Overall, the ERA5-trained LSTMs can produce realistic streamflow when

driven by climate projections.

3.2 Projected changes for rain-on-snow floods

In the following section, we present the changes in ROS floods for the four examined time periods. These changes are analyzed

first separately for the individual gauges and then at a trans-basin scale for the four major river basins of the Rhine, Danube,310

Elbe, and Weser rivers. The figures shown in this section focus mainly on the changes in the GCM-RCM ensemble median.

Figures illustrating the changes for the individual models can be found in the supplementary materials.

3.2.1 Individual gauges

The results and trends of ROS floods for the individual gauges are shown in Fig. 9. Figure 10 (Figs. S1 and S2) adds spatial

context for the changes projected for the ensemble median for the periods 2041-2100 (1981-2040 and 2011-2070). For the315

1981-2040 period, there is an overall slight increase in ROS flood frequency for the ensemble median (Fig. 9(a), Fig. S1(a)).

Starting in the 2011-2070 period, the ROS flood frequency decreases for most gauges (Fig. S2(a)), while 13 gauges experience

an increase. In particular, for the 2041-2100 period, some gauges exhibit an extreme increase in numbers, whereas for most

gauges, a moderate to high decrease is projected (Fig. 9(a)). The gauges with an increasing number of ROS floods are located
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Figure 9. Number of ROS floods and their properties for 4 time periods. The top panel shows the number of ROS floods (a), the XAI-based

snowmelt importance IGROS (b), the mean normalized rank (c), the maximum normalized rank (d) and the mean ROS flood date (e) for the

GCM-RCM ensemble median for the reference period REF. The shaded areas represent the 10th to 90th percentile of the RCM ensemble.

The lower panels show the relative changes for 3 future time periods with regard to the reference period. The gauges in all panels are sorted

by the median number of ROS floods.

in the northwestern part of the Danube River Basin, as well as the midwestern part of the Elbe River Basin (Fig. 10(a)). In320

these basins, some catchments are associated with higher elevations compared to the Rhine and Weser River basins. Apart from

one gauge in the Danube River basin that shows an increase of up to 113% for the ensemble median, the increase for all other

gauges falls within the range of -60% and +80%. For the 10th to 90th percentiles these values range from -78% to +175% (Fig.

9(a)).

For the REF period, snowmelt is 2-4 times more important for the LSTM predictions than liquid precipitation during ROS325

floods in the ensemble median (Fig. 9(b)). The IGROS values are generally lower for gauges with a higher ROS flood fre-

quency. The importance of snowmelt decreases for all gauges throughout all periods, by up to 57% for the ensemble median

and 78% for the 10th to 90th percentiles for the 2041-2100 period.

Figure 9(c) shows ensemble median of the mean normalized rank of ROS floods. For all future periods, the mean normalized
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rank increases for most gauges, with a generally higher increase for distant futures for the ensemble median. However, the330

spread of the models increases considerably after the 1981-2040 period. There are only a few individual gauges that experience

a decrease in mean rank (Fig. 10(c)).

The maximum rank (Fig. 9(d)) does not reach the value of 1 for the 10th to 90th percentiles in the REF period for any of the

gauges. This means that the largest flood is always found within one of the future periods. While for the 1981-2040 period

the maximum rank appears to be higher for most of the gauges, more gauges also see a decrease in the maximum rank for335

the 2011-2070 period, and especially for the 2041-2100 period. The eastern part of the Rhine, western part of the Danube,

middle to northern parts of the Weser, and western part of the Elbe River basins contain most of the gauges with a projected

increase in maximum flood rank for the 2041-2100 period (Fig. 10(d)). Gauges with a projected decrease in maximum flood

rank are mainly located in the middle and western parts of the Rhine, the southern part of the Weser, and the northeastern part

of the Danube River basins. For the 1981-2040 period, the maximum rank is always at least as high as for the REF period340

(Fig. S1(d)). The pattern of the projected changes for the 2010-2070 period (Fig. S2(d)) appears similar to the changes for the

2041-2100 period. However, more of the gauges still show an increase in maximum flood rank, and the projected decreases in

maximum flood rank are less pronounced.

There is a clear pattern for the change in average ROS flood timing, with earlier occurrences in the south and east of Germany

and later occurrences in the northwest for the ensemble median for the 2041-2100 period (Fig. 9(e)). In central Germany, there345

is a transition zone with only minor shifts in mean ROS flood date. The average time changes for the ensemble median are

generally very small, within ±10 days for the 2041-2100 period, but can be as large as ±25 days for models within the 10th

and 90th percentiles. The same pattern is already visible for the 1981-2040 and 2011-2070 periods.

Generally, the patterns of projected changes from most of the climate models align with the ensemble median (Figs. S3-S7).350

In terms of ROS frequency, most models agree on an increase in the Danube River basin and in the western parts of the Elbe

River basin, although to varying extents. Some models also project an increase in the Weser River basin, which is not reflected

in the ensemble median. In some cases, an extreme increase in ROS flood frequency across large parts of Germany is projected.

This behavior is particularly evident in the CNRM-CERFACS-CNRM-CM5-driven RCMs and the GCMs downscaled by the

KNMI-RACMO22E model. With regard to changes in the importance of snowmelt, all models agree on a decreasing trend.355

For most models, some individual gauges, which are spatially heterogeneously distributed within all major river basins, show

an increasing trend. The patterns of changes in mean and maximum rank also differ from model to model, but the magnitude

of changes is similar across simulations. For flood timing changes, the patterns for many models again appear very similar to

the ensemble median. However, there are also models which project a shift to later timings for all of Germany or the opposite.

Possible reasons for the differences in trends are discussed at the end of this section.360
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Figure 10. Changes in the number of ROS floods (a), the IGROS (b), the mean normalized rank (c), the maximum normalized rank (d) and

the mean date (e) at all gauges for the GCM-RCM ensemble for the future period 2041-2100 with regard to the reference period.

3.2.2 Trans-basin floods

A similar picture to that projected for the individual gauges emerges for the trans-basin floods. The trans-basin floods were

identified separately for the Rhine, Danube, Elbe, and Weser River basins, as well as for all basins combined. For the Rhine

River basin, the number of ROS floods is decreasing throughout all periods (Fig. 11 (a)). The Elbe River basin experiences an365

increase until the 2011-2070 period, before facing a decrease in ROS flood numbers in the 2041-2100 period. For the Weser

River basin, this decline begins already after the 1981-2040 period. Only the Danube River basin shows an increasing trend in

ROS flood frequency throughout all periods. When all regions are combined, the numbers increase until the 1981-2040 period

and then decline. For the Danube River basin and the combined basins, the model spread increases significantly towards the

distant future periods. The projected changes for the 2041-2100 period are significant (P < 0.05), except for the Elbe River370

basin, due to the decline in ROS numbers after the 2011-2070 period. However, for the Elbe River basin, the change for the

2011-2070 period is significant.
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Figure 11. ROS flood properties for the RCM ensemble for the 4 time periods REF, FUT1 (1981-2040), FUT2 (2011-2070) and FUT3

(2041-2100). The number of trans-basin ROS floods (a), the mean importance of snowmelt IGROS (b), the mean area affected by ROS

floods (c), the mean normalized rank (d), the maximum normalized rank (e) and the mean ROS flood date (f). The boxes represent the 25th

to 75th percentile with the median as line within the box. The whiskers show 1.5 times the inter quartile range. Outliers are shown by the

colored circles.

In Fig. 12(b), the decreasing trend for the Rhine, Weser, and Elbe River basins begins around 2040 to 2050. Until the 1990s,

the numbers are increasing and remain stable until 2040. At the same time, the number of non-ROS trans-basin floods (Fig.

12(a)) is increasing for all basins except the Danube River basin throughout the entire time series. The numbers for the Danube375

River basin start to increase only after the 2090s. In total, the number of all trans-basin floods is increasing throughout the time

period, but the fraction of ROS floods decreases from 60% (Elbe) and 80% (all other basins) for the ensemble mean to 40%

(all basins except Danube). The ROS fraction for the Danube River basin remains high at 80%.

The IGROS value (Fig. 11 (b)) is significantly decreasing for all basins, dropping from a median between 2.75 and 3 in the REF

period to a median between 1.5 and 2 in the 2041-2100 period, indicating a clear trend towards a more rain-driven ROS floods.380

In all periods, ROS floods in the Elbe River basin are more snowmelt-driven compared to those in the other basins. Alongside

the decreasing trend in the importance of snowmelt, the proportion of the flood area affected by ROS is also declining (Fig.
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11 (c)). Most basins experience a reduction of 5 to 10 percentage points in the median until the 2041-2100 period. During the

1981-2040 and 2011-2070 periods, the ROS-affected area remains relatively stable for the Rhine, Danube, and Elbe River, only

starting to decline in the 2041-2100 period. The ROS-affected area for the Weser River basin is already decreasing during the385

2011-2070 period. For the Danube River basin, this trend is not significant (p = 0.052).

For the mean and maximum normalized rank (Fig. 11 (d) and (e)), an increase is projected at least until the 2011-2070 pe-

riod. The mean rank for the 2041-2100 period shows a further increase for the Danube River basin and a slight decrease for

the Rhine River basin as well as for all basins combined. The maximum rank displays higher values for all future periods

compared to the REF period. However, they are very similar to one another, except for the Elbe River basin, which exhibits a390

wide model spread, particularly for the 1981-2040 period. In terms of model spread, for the 2041-2100 period, the maximum

rank appears to be lower for some models than for the 2011-2070 period. The changes in mean rank are significant until the

2011-2070 period for all major basins. For the 2041-2100 period, the changes are not significant for the Elbe River basin due to

the larger model spread and for all basins combined due to the decrease in rank. Except for the Weser River basin, the changes

in maximum rank are significant for the 2041-2100 period. While the exact amount of the increase in magnitude cannot be395

determined solely by considering rank as a measure, the trend towards stronger ROS floods is clear.

The trend for the average timing of ROS floods (Fig. 11 (f)) is not as clear as for the other characteristics. For the Danube and

Elbe River basins, the ensemble median projects a shift of 10 days to earlier dates. In contrast, the Weser River basin shows

almost no change, while the Rhine River basin is projected to experience a shift to later dates. However, the model spread for

the 25th to 75th percentiles remains similar, and there is no significant difference between the ensemble across all periods.400

This is also reflected in the change in seasonality of trans-basin ROS floods. Figure 13 illustrates the fraction of trans-basin

ROS floods for each month for the REF and 2041-2100 periods. The distribution of ROS floods for the REF period is similar to

that of the ERA5-driven simulation, but with a maximum in January instead of February. All basins exhibit strong seasonality

with almost no ROS floods from May to September in the median, except for the Danube River basin, where ROS floods occur

frequently during May and September. For the Elbe River basin, the seasonality is weaker, with many ROS floods occurring405

in February and March. In some models within the 10th and 90th percentiles, ROS floods can be found in summer, especially

for the Danube River basin. For the 2041-2100 period, the seasonality tends to become slightly stronger for all basins, with the

largest change occurring in the median for the Elbe River basin and for the Danube River basin when considering individual

models from the 10th to 90th percentiles.

Diverging trends and discrepancies among some of the individual models are also apparent on the trans-basin scale. This is410

most evident in the frequency and in the maximum rank of trans-basin ROS floods. As with the individual gauges, the reasons

for the diverging trends will be discussed at the end of the section.

In Fig. 12, the time series for the number of ROS floods shows distinct periods with a high number of floods and periods with

fewer floods. This behavior was previously noted by Tarasova et al. (2023), who investigated the change in flood-generating415

processes using observations between 1960 and 2010 in Europe. Figure A2 shows the time series of ROS trans-basin floods

grouped by the driving GCMs of the climate simulations. While the different RCMs show some contribution to the frequency
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Figure 12. Rolling 10-year sum of non-ROS trans-basin floods (a), ROS trans-basin floods (b), and the fraction of ROS floods with respect

to all trans-basin floods(c) for the Rhine, Danube, Elbe, and Weser River basins as well as for all basins combined during all months.

of ROS trans-basin floods, the general trend and periods of high and low amounts of ROS floods are dominated by the driving

GCM. These periods of high and low numbers of ROS trans-basin floods appear in both the historical period and the future,

indicating that persistent periods of many ROS floods may still be present in a future warming climate.420

Previous studies identified flood-rich and flood-poor periods in observational data (e.g., Schmocker-Fackel and Naef, 2010;

Villarini et al., 2013; Merz et al., 2016; Fischer et al., 2023), which appear to be primarily caused by catchment memory effects

rather than decadal climate variability (Schmocker-Fackel and Naef, 2010; Merz et al., 2016). However, for the USA, Villar-

ini et al. (2013) observe a correlation between flood-rich and flood-poor periods and large-scale climate indices such as the

North Atlantic Circulation (NAO)-Index. Note that these studies mainly focus on flood events with a high magnitude. In this425

study, flood events with a variety of flood magnitudes are considered. However, the attribution of the flood-rich and flood-poor

periods found in this study to the decadal variability of large-scale climate drivers is supported by studies that have identified

a correlation between the frequency of ROS events and the NAO and the Arctic Oscillation (AO) (e.g., Cohen et al., 2015).

Additionally, other studies attribute lower snow heights to a positive phase of the NAO (e.g. Hurrell, 1995) and find larger

snow amounts primarily during negative phases of the NAO (e.g. Krug et al., 2020). Furthermore, Comas-Bru and McDermott430

(2014) point out the importance of the Eastern Atlantic pattern (EA) and the Scandinavian pattern (SCA) on the winter climate
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Figure 13. Seasonality of trans-basin ROS floods for all basins (a), and the Rhine (b), Danube (c), Elbe (d), and Weser (e) River basins for

the REF period and 2041-2100. The lines show the fraction of total trans-basin ROS floods per month for the ensemble median. The shaded

area denotes the 10th to 90th percentile.

conditions in Europe. The dominant characteristics of the GCMs further support a correlation of ROS flood frequency and

NAO and AO, since the GCMs are initialized differently and are in different phases of large-scale climate patterns such as

NAO and AO (note that in Fig. A2, the MPI-M-MPI-ESM-LR-GERICS-REMO2015 driven LSTM simulation was excluded,

because a different GCM ensemble member (r3i1p1 instead of r1i1p1) was used and thus the phases did not match) (Taylor435

et al., 2012).

This motivates further investigation of a generating-process-based relationship between flood frequency and large-scale cli-

matic drivers without dependence on flood magnitude.
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Figure 14. Ensemble mean of relative changes of selected atmospheric variables for 2041-2100 compared to the REF period. Mean annual

maximum snow amount (a), maximum snow amount (b), mean annual snow days (snow amount > 15mmSWE) (c), mean October to

May maximum 5-day snowmelt (d), maximum October to May 5-day snowmelt (e), mean October to May snowfall amount (f), mean

October to May maximum 5-day snowfall amount (g), maximum October to May 5-day precipitation amount (h), mean October to May

liquid precipitation amount (i), mean October to May maximum 5-day liquid precipitation amount (j), maximum October to May 5-day

precipitation amount (k), mean ROS water (5-day sum of liquid precipitation and snowmelt if ROS conditions are met) (l), maximum ROS

water (5-day sum of liquid precipitation and snowmelt if ROS conditions are met) (m) and the number of times the ROS conditions are met

(n). The ROS conditions are met if both ratios of the 5 day sum of liquid precipitation and snowmelt are smaller than 0.1.

23

https://doi.org/10.5194/egusphere-2025-3532
Preprint. Discussion started: 10 November 2025
c© Author(s) 2025. CC BY 4.0 License.



3.3 Change of atmospheric variables440

Changes in ROS events, as a flood-generating process, can be attributed to changes in rainfall and snow accumulation (Freudi-

ger et al., 2014). Figure 14 shows the mean changes in snow amount, snowmelt, snowfall and liquid precipitation from the

model ensemble as described in Table 1, for the 2041-2100 period relative to the REF period (See Figs. S8 and S9 for the

periods 1981-2040 and 2011-2070). For all snow-related variables, there is a clear decrease in both the mean annual maxima

and the maxima over the specified time periods. The changes in the mean annual maxima are more pronounced, as very rare445

extreme events are still projected to occur in the future.

The mean annual winter snowfall is projected to decrease across the entire study area, which will also impact annual maxima

in snow amount and snowmelt. Notably, the annual number of snow days with a snow cover exceeding 15mmSWE is decreas-

ing significantly. The smallest projected decrease is found in the Alps for all snow-related variables. For the period maxima,

additional regions outside of the Alps show lower decreases or, in the case of 5-day snowfall, even an increase. These regions450

are located in the Czech and midwestern parts of the Elbe River basin, the Danube River basin, and the northern and eastern

parts of the Rhine River basin. In these areas, some models project extremes that exceed a 100% increase compared to the REF

period.

In contrast to the snow-related variables, liquid precipitation is projected to increase in winter, both in terms of mean values and

extremes, exceeding 100% in the Alps. The mean 5-day ROS water (i.e. the 5-day sum of liquid precipitation and snowmelt) is455

therefore only decreasing in certain areas of the Rhine River basin and the northern parts of the Weser and Elbe River basins.

While ROS water extremes are decreasing, this decline is not as pronounced as that of the snow-related variables. The increase

in liquid precipitation can compensate for most of the loss in snowmelt. However, ROS events (defined here as events with

ratios of 5-day liquid precipitation and 5-day snowmelt < 0.1) are significantly declining. This is also in line with the decline in

ROS frequency in observations (Freudiger et al., 2014) and a projected decline in ROS frequency for a future SSP5-85 scenario460

(Maina and Kumar, 2025). However, in their study, the decrease in the Alps is smaller than in the lower-elevated regions.

Although the trends of the variables generally align with the trends in ROS properties, such as a decrease in the importance

of snowmelt, a decline in ROS frequency at most gauges, and a slight increase in mean magnitude for the ensemble median, this

alignment is not apparent for the extremes. Outside of the Alps, there are no regions showing an increase in maximum 5-day465

ROS water for the ensemble median. Additionally, for the individual models, the patterns of projected changes in maximum

ROS flood rank do not correspond with the projected changes in maximum 5-day ROS water. Increase winter precipitation

may lead to more frequent soil saturation and potentially higher mean streamflow, which could enhance extreme flood events.

The diverging trends in ROS floods among the individual models may seem surprising initially, as all trends in the variables

shown in Fig. 14 (except for the extreme values for each period) share the same direction and a similar magnitude (Figs.470

S10-S23). However, the snow dynamics vary significantly between the models. While the general patterns of snow and precipi-

tation distributions align well, there is considerable variability in the initial conditions during the REF period and the projected

future values for the 2041-2100 period. For example, the RCMs driven by CNRM-CERFACS-CNRM-CM5 and the GCMs
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downscaled by KNMI-RACMO22E produce a high number of ROS events in the REF period (Figs S24) and maintain high

numbers in the 2041-2100 period (Fig. S25). The relative trend is similar to that of the other models (Fig. S23). The extreme475

increase in ROS frequency of the CNRM-CERFACS-CNRM-CM5 GERICS-REMO2015 setup can be attributed to a very high

frequency of snowmelt floods in the REF period (Fig. S26), which transform to ROS floods in a warming climate. Changes in

ROS properties resulting from such extreme changes in ROS frequency are most likely due to statistical reasons.

For the other models, the explanation is not as straightforward. However, RCMs driven by the same GCM and GMCs driving

the same RCM often exhibit a similar behavior.480

The high variability between climate models in terms of projected flood changes has been highlighted in numerous other stud-

ies (e.g., Smith et al., 2014; Camici et al., 2014). Sezen et al. (2020) addressed this issue concerning changes in ROS frequency

and magnitude. They also emphasize that in addition to changes in meteorological conditions, factors not included in the GCMs

and RCMs, such as changes in land use, could further influence future ROS floods.

485

The results of this study are based on an RCP8.5 scenario from the CORDEX CMIP5 experiment. With possible limita-

tions of LSTM in their ability to extrapolate and simulate unseen events, we mainly focus on the change in flood-generating

processes using XAI and assess possible changes in flood magnitude by a comparison of flood ranks, and thus provide the

possibility of a change rather than the actual change in peak discharge. Therefore, we believe that our results are reliable within

these limitations.490

For recent CMIP6 global climate projections, the less pessimistic SSP3-7.0 emission scenario is used as the high-impact sce-

nario to drive the RCMs in the CORDEX. Under this emission scenario, the projected changes of the 2041-2100 period could

potentially be lower in the CORDEX CMIP6 ensemble and may resemble the changes found for the 2011-2070 period at the

end of the century. (Maina and Kumar, 2025) highlight that during a transition phase with decreasing snow cover and increas-

ing precipitation, ROS events can potentially trigger large amounts of snowmelt. In a less pessimistic scenario, the duration of495

such a transition phase is potentially longer and therefore poses an increased risk of severe ROS floods.

4 Conclusions

In this study, we analyzed the changes in frequency, severity, and properties of rain-on-snow (ROS) floods in Germany. We

used 31 combinations of global and regional climate models to simulate future streamflow under the RCP8.5 high-emission500

scenario at 96 river gauges in Germany, using a Long-Short-Term Model that was trained to reproduce past streamflow ob-

servations when driven by the ERA5 reanalysis. The model demonstrated an accurate representation of flood timing, and its

ability to simulate flood events, despite generally underestimating their magnitudes, warranted the use of a novel explainable

artificial intelligence technique to identify floods generated by the ROS process.

Our findings indicate a decline in the frequency of ROS floods at the majority of individual study gauges with only a few pro-505

jected increases win the Danube and Elbe River basins. Notably, the Danube region is the only area showing a steady increase
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in trans-basin ROS floods in the future.

Overall, ROS floods are becoming more rainfall-driven, with a corresponding decrease in the contribution of snowmelt for all

individual gauges and for trans-basin floods in the study area. Consequently, the area of trans-basin floods affected by ROS is

also declining.510

The mean rank (as a representative of the mean magnitude within a time period) of trans-basin ROS floods shows an increase

until the period from 2011 to 2070, while the maximum rank (as a representative of the highest magnitude within a time period)

of ROS floods increased from the period from 1951 to 2010 towards the period from 1981 to 2040, subsequently remaining

stable in more distant future periods. The maximum rank of ROS floods is projected to be higher for all basins in all future

periods. Additionally, the mean rank of ROS floods increases for almost all individual gauges. However, the maximum rank515

increases only in most of the western Danube basin, the western Elbe, and the middle to northern Weser basin and decreases

in most of the Rhine basin.

This decreasing importance of snowmelt, along with the declining ROS frequency and the increasing mean flood rank, is re-

flected in changes in the mean values of the corresponding atmospheric variables. While snow amount and snowmelt decrease,

liquid precipitation generally increases from October to May, compensating for the loss of snowmelt. Additional factors such520

as increased soil moisture and higher mean winter streamflow are likely contributing to the increase of the maximum rank of

ROS events.

There is a considerable variability between the models regarding the trends of ROS floods, which is related to the different

dynamics of snow and precipitation in the individual climate models. This highlights the necessity for ensemble-based assess-

ments for understanding and projecting local changes in future flood-generating processes.525

Code and data availability. The ERA5 hourly data can be downloaded at the Copernicus Climate Data Store (https://cds.climate.copernicus.eu/).

The downscaled CORDEX CMIP5 data are available in the ESGF data base (https://esgf-metagrid.cloud.dkrz.de/). GRDC daily river dis-

charge data are available at https://portal.grdc.bafg.de/. The simulated streamflow, the flood-generating processes, the trained LSTMS, and

the code used for the analysis and for the production of the figures are available on 10.5281/zenodo.16368450.
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Appendix A: Appendix530

Table A1. Climate simulations from the CORDEX CMIP5 ensemble.

RCM Version GCM Ensemble member Scenario

CLMcom-ETH-COSMO-crCLIM-v1-1 v1 CNRM-CERFACS-CNRM-CM5 r1i1p1 historical, RCP8.5

CLMcom-ETH-COSMO-crCLIM-v1-1 v1 ICHEC-EC-EARTH r12i1p1 historical, RCP8.5

CLMcom-ETH-COSMO-crCLIM-v1-1 v1 MOHC-HadGEM2-ES r1i1p1 historical, RCP8.5

CLMcom-ETH-COSMO-crCLIM-v1-1 v1 MPI-M-MPI-ESM-LR r1i1p1 historical, RCP8.5

CLMcom-ETH-COSMO-crCLIM-v1-1 v1 NCC-NorESM1-M r1i1p1 historical, RCP8.5

CLMcom-ETH-COSMO-crCLIM-v1-1 v1 ECMWF-ERAINT r1i1p1 evaluation

CNRM-ALADIN63 v2 CNRM-CERFACS-CNRM-CM5 r1i1p1 historical, RCP8.5

CNRM-ALADIN63 v1 MOHC-HadGEM2-ES r1i1p1 historical, RCP8.5

CNRM-ALADIN63 v1 MPI-M-MPI-ESM-LR r1i1p1 historical, RCP8.5

CNRM-ALADIN63 v1 NCC-NorESM1-M r1i1p1 historical, RCP8.5

CNRM-ALADIN63 v1 ECMWF-ERAINT r1i1p1 evaluation

DMI-HIRHAM5 v2 CNRM-CERFACS-CNRM-CM5 r1i1p1 historical, RCP8.5

DMI-HIRHAM5 v1 ICHEC-EC-EARTH r12i1p1 historical, RCP8.5

DMI-HIRHAM5 v2 MOHC-HadGEM2-ES r1i1p1 historical, RCP8.5

DMI-HIRHAM5 v1 MPI-M-MPI-ESM-LR r1i1p1 historical, RCP8.5

DMI-HIRHAM5 v3 NCC-NorESM1-M r1i1p1 historical, RCP8.5

DMI-HIRHAM5 v1 ECMWF-ERAINT r1i1p1 evaluation

GERICS-REMO2015 v1 CCCma-CanESM2 r1i1p1 historical, RCP8.5

GERICS-REMO2015 v1 CNRM-CERFACS-CNRM-CM5 r1i1p1 historical, RCP8.5

GERICS-REMO2015 v1 ICHEC-EC-EARTH r12i1p1 historical, RCP8.5

GERICS-REMO2015 v1 MIROC-MIROC5 r1i1p1 historical, RCP8.5

GERICS-REMO2015 v1 MOHC-HadGEM2-ES r1i1p1 historical, RCP8.5

GERICS-REMO2015 v1 MPI-M-MPI-ESM-LR r1i1p1 historical, RCP8.5

GERICS-REMO2015 v1 NCC-NorESM1-M r1i1p1 historical, RCP8.5

GERICS-REMO2015 v1 ECMWF-ERAINT r1i1p1 evaluation

KNMI-RACMO22E v2 CNRM-CERFACS-CNRM-CM5 r1i1p1 historical, RCP8.5

KNMI-RACMO22E v1 ICHEC-EC-EARTH r12i1p1 historical, RCP8.5

KNMI-RACMO22E v2 MOHC-HadGEM2-ES r1i1p1 historical, RCP8.5

KNMI-RACMO22E v1 MPI-M-MPI-ESM-LR r1i1p1 historical, RCP8.5

KNMI-RACMO22E v1 NCC-NorESM1-M r1i1p1 historical, RCP8.5

KNMI-RACMO22E v1 ECMWF-ERAINT r1i1p1 evaluation

MOHC-HadREM3-GA7-05 v2 CNRM-CERFACS-CNRM-CM5 r1i1p1 historical, RCP8.5

MOHC-HadREM3-GA7-05 v1 ICHEC-EC-EARTH r12i1p1 historical, RCP8.5

MOHC-HadREM3-GA7-05 v1 MOHC-HadGEM2-ES r1i1p1 historical, RCP8.5

MOHC-HadREM3-GA7-05 v1 MPI-M-MPI-ESM-LR r1i1p1 historical, RCP8.5

MOHC-HadREM3-GA7-05 v1 NCC-NorESM1-M r1i1p1 historical, RCP8.5

MOHC-HadREM3-GA7-05 v1 ECMWF-ERAINT r1i1p1 evaluation

All simulation data can be downloaded at https://esgf-metagrid.cloud.dkrz.de/.
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Figure A1. Correlation (a), and slope of the regression line (b) for the XAI-based IGROS value and the ratio of snowmelt and liquid

precipitation of ERA5 for ROS POT5 peaks using different time windows for the XAI-based classification.

Figure A2. Rolling 10-year sum of ROS trans-basin floods detected in the streamflow simulations of the individual climate models for all

basins combined during all months. The different panels show the number of ROS trans-basin floods for different driving GCMs. (a) CNRM-

CERFACS-CNRM-CM5, (b) ICHEC-EC-EARTH, (c) MOHC-HadGEM2-ES, (d) MPI-M-MPI-ESM-LR, and (e) NCC-NorESM1-M. The

CCma-CanESM2 MIROC-MIROC5 GCMs and the MPI-M-MPI-ESM-LR-GERICS-REMO2015 simulation were excluded.
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