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Abstract. Deep learning models, particularly Long Short-Term Memory (LSTM) networks, achieve state-of-the-art overall

performance in regional rainfall–runoff modeling. However, under unprecedented extreme meteorological forcings, purely

data-driven LSTMs can suffer from artificial output saturation—a critical structural limitation that remains largely hidden

during standard historical evaluations. In this study, we utilize a regional, non-stationary weather generator to produce synthetic

extreme precipitation events, stress-testing a standard LSTM alongside mass-conserving conceptual HBV and hybrid models5

across a subset of catchments from the CAMELS-DE dataset. To mitigate the LSTM’s saturation problem, we introduce

a targeted data augmentation strategy. By driving the physics-constrained models with synthetic extreme forcings from the

weather generator, we create physically plausible discharge targets to enrich the LSTM’s training data.

Our results demonstrate that adding even a small fraction of synthetic extreme events successfully mitigates artificial output

saturation by shifting the LSTM’s predictive limit upward, even exceeding that of an LSTM trained on the entire CAMELS-DE10

dataset. The augmentation improves peak-flow simulation performance without compromising overall simulation accuracy. We

validate this approach using the catastrophic out-of-sample July 2021 flood event across multiple affected gauges, demonstrat-

ing that regional data augmentation can significantly reduce peak flow underestimation. However, while augmentation mitigates

the practical impact of the LSTM’s architectural ceiling, it does not eliminate it. Notably, the evaluated hybrid model natively

avoids saturation, yielding the best overall extreme-flow performance. Ultimately, for operational flood forecasting and design15

flood estimation, we emphasize the necessity of quantifying the LSTM’s predictive limit and monitoring model outputs for ar-

tificial saturation. To prevent the potentially catastrophic underestimation of unprecedented extremes, we strongly recommend

deploying mass-conserving or hybrid architectures in parallel with standard LSTMs as structural safeguards.

1 Introduction

In recent years, data-driven models, particularly Long Short-Term Memory (LSTM) networks (Hochreiter and Schmidhuber,20

1997), have demonstrated strong performance in rainfall–runoff modeling, often achieving performance comparable to or

better than that of conceptual hydrological models (Lees et al., 2021; Kratzert et al., 2019; Loritz et al., 2024). While LSTMs

achieve superior accuracy across most of the hydrograph, they exhibit a critical, yet often overlooked, limitation: they can
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only simulate peak flows up to a strict mathematical ceiling. As first described by Kratzert et al. (2024), this theoretical

prediction limit arises because the LSTM’s hidden-state representation is bounded by saturating activation functions such as25

the sigmoid and hyperbolic tangent. Consequently, once the bounded hidden states are passed through the final linear output

layer, the fixed weights and biases of the trained model impose a finite upper bound on the predicted discharge. Critically,

Baste et al. (2025) showed that this theoretical limit can be substantially lower than the maximum discharge observed in the

training data, rendering the model mathematically incapable of reproducing some of the highest historical extremes encountered

during training. The authors further demonstrated that model outputs saturate well below this theoretical maximum. By forcing30

LSTMs with extreme 1-, 3-, and 5-day design precipitation events, they identified an empirical ceiling, termed the "design

limit", which the models could not exceed, regardless of precipitation intensity. As extreme precipitation volumes increase,

the simulated discharge stagnates, leading to decreasing runoff coefficients with increasing rainfall intensity—a physically

implausible behavior. This limitation is especially concerning when LSTMs are applied to estimate design discharges or for

operational flood forecasting, where accurately simulating extreme events is critical for infrastructure resilience, early warning,35

and disaster preparedness.

Although this upper bound is architectural, its magnitude depends on the weights and biases learned from the training data.

Its practical consequences are therefore closely connected to the limited exposure of LSTMs to extreme events during training.

Such events are inherently rare in the historical record and remain scarce even in large-sample hydro-meteorological datasets

(e.g. Addor et al., 2017; Kratzert et al., 2023; Loritz et al., 2024). In some catchments, they may be entirely absent from the40

observational record, although their absence does not make their future occurrence less likely (Montanari et al., 2024). It is not

a new finding that neural network models struggle to generalize beyond the range of their training data (Barnard and Wessels,

1992; Hettiarachchi et al., 2005). While several strategies exist to improve this limitation, data augmentation represents a

particularly promising pathway. In machine learning, data augmentation is a standard data-space approach used to improve

generalization and robustness by expanding the training set with synthetic samples that preserve valid input-target relationships45

(Dao et al., 2019; Iwana and Uchida, 2021). Rather than altering the underlying model architecture, it enriches the training data

so that the network can adapt to a wider input space (Wen et al., 2021). In hydrology, general data augmentation techniques

(e.g., noise addition, scaling, or mixup) have been shown to improve median model performance in low-data regimes, but

their benefits diminish when applied to large-sample training datasets (Kenne et al., 2026). This suggests that once a training

dataset is sufficiently large and diverse, the primary remaining bottleneck is no longer general variability, but the severe and50

asymmetric deficit of rare high-flow events caused by the pronounced heavy-tail behavior of precipitation and flood discharge

distributions (Merz et al., 2022). Previous studies have shown that physically based models and stochastic rainfall can be used

to enrich the availability of such events and improve peak-flow simulations (Yang et al., 2020; López-Chacón et al., 2023).

However, these studies were limited to simpler machine learning architectures in localized, data-scarce settings, leaving the

potential of targeted augmentation for regional, state-of-the-art deep learning models unexplored—particularly as a mechanism55

to mitigate the inherent structural extrapolation ceiling of the LSTM.

Building on this idea, we propose a targeted augmentation strategy focused specifically on the right tail of the discharge

distribution. We use a non-stationary regional weather generator (nsRWG), introduced by Nguyen et al. (2024), to generate a
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large ensemble of spatially consistent synthetic extreme rainfall events. We compare three hydrological modeling architectures:

a stand-alone LSTM, the conceptual HBV model (Bergström and Forsman, 1973; Seibert, 2005), and a hybrid architecture in60

which an LSTM dynamically parametrizes an HBV model (Feng et al., 2022). While the stand-alone LSTM is subject to a

finite output limit, the HBV and hybrid models retain a mass-conserving rainfall–runoff response and do not impose a fixed

architectural upper limit on simulated discharge. We therefore drive these models with extreme nsRWG rainfall events to gen-

erate synthetic peak-discharge targets and inject the resulting events into the regional LSTM training dataset. This targeted

augmentation directly addresses the deficit of extreme events while maintaining spatially and temporally consistent meteoro-65

logical forcing and physically plausible discharge responses. Ultimately, this allows us to investigate whether augmenting the

training data with synthetic extreme scenarios can raise the prediction limit of the LSTM and improve its ability to simulate

unprecedented extreme discharges.

In this study we address the following research questions:

1. How do the different hydrological model architectures respond to unprecedented extreme meteorological forcings from70

the weather generator?

2. Can targeted data augmentation mitigate the inherent limitations of the LSTM?

3. What are the implications of these findings for large-sample, regional LSTM training strategies?

2 Data and Methods

This section introduces the observational data from the CAMELS-DE dataset (Sect. 2.1) and the synthetically generated75

weather data (Sect. 2.2). We then detail the three modeling architectures evaluated: the stand-alone LSTM (Sect. 2.3), the

conceptual HBV model (Sect. 2.4), and the hybrid model (Sect. 2.5). The section closes with an outline of the data augmenta-

tion methodology designed to target the LSTM’s structural limits (Sect. 2.6).

2.1 Observed historical data: CAMELS-DE

The historical data basis for model training and calibration is the CAMELS-DE dataset (Loritz et al., 2024; Dolich et al.,80

2025). CAMELS-DE provides daily-resolution meteorological forcing data derived from the HYRAS gridded dataset (Rauthe

et al., 2013), alongside observed discharge records spanning the period from 1951 to 2020. Potential evapotranspiration (PET,

mm d−1), which is required by the HBV and hybrid models, is calculated from daily extreme temperatures using the modified

Hargreaves formula (Droogers and Allen, 2002; Clerc-Schwarzenbach et al., 2024). Previous benchmark studies (Loritz et al.,

2024; Dolich et al., 2026c) have demonstrated that both LSTM and conceptual HBV models can achieve high performance85

when trained or calibrated on this dataset (median NSE: 0.85 for the LSTM, 0.72 for the HBV). For this study, we filter the

CAMELS-DE dataset to align with the spatial domain of the weather generator. A catchment is included if at least 80 % of

its area is covered by the gridded weather generator data. This spatial filtering results in an initial selection of 180 catchments

located within and slightly beyond the borders of North Rhine-Westphalia (Fig. 1). While the LSTM and the hybrid model
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Figure 1. Overview of the study region, comprising North Rhine-Westphalia and adjacent headwater catchments. The main map illustrates

the spatial distribution of the n= 180 CAMELS-DE catchments (shaded blue) alongside their respective gauging stations (black dots). The

geographical extent of the weather generator domain is indicated by the dashed red line. The bottom-right inset shows the location of the

study area within Germany. Borders of Germany: © GeoBasis-DE / BKG (2023).

are regionally trained on this full set of 180 catchments, 13 locations lack sufficient observational discharge data records for90

reliable HBV model calibration. Consequently, the HBV model is only calibrated for 167 catchments, restricting comparative

evaluations across the three models to this subset. In addition to the meteorological time series, we utilize the static catchment

attributes provided in CAMELS-DE as input features for the regional training of the LSTM and hybrid models.

Because the standard CAMELS-DE dataset ends in 2020, it does not include the catastrophic July 2021 flood, which we

utilize as an independent, high-impact real-world test case. We simulate this event for multiple heavily affected gauges in North95

Rhine-Westphalia and northern Rhineland-Palatinate. These include the Opladen (Wupper) and Kreuzberg (Sahrbach) gauges,

alongside the Altenahr gauge (Ahr), which recorded the devastating Ahrtal flood (Vorogushyn et al., 2022). To enable these

simulations, we aggregate hourly streamflow and temperature data from the CAMELS-DE-1h dataset (Dolich et al., 2026b)

to a daily resolution (summing specific discharge and averaging temperature) and process the corresponding daily HYRAS

precipitation data (Rauthe et al., 2013) using spatial catchment means. This allows us to run the pre-trained LSTM models on100

these out-of-sample unprecedented extreme events.
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2.2 Generated weather data: nsRWG

To probe model behavior under extreme forcings, we employ a non-stationary Regional Weather Generator (nsRWG) developed

by Nguyen et al. (2024), specifically calibrated for our study area (Fig. 1). The nsRWG is a stochastic weather model capable

of generating multiple synthetic realizations of gridded precipitation and air temperature. By fitting heavy-tailed marginal105

distributions to the observed historical data, the weather generator can produce statistically plausible and spatio-temporally

coherent extreme meteorological events that significantly exceed the magnitude of those in the historical record (Nguyen et al.,

2021). While such generators are typically used for flood frequency and risk assessments, we leverage the nsRWG both to

systematically stress-test the structural limits of our models and to generate extreme forcing sequences for data augmentation.

Unlike traditional weather generators that assume a fixed climate, the nsRWG incorporates non-stationarity, achieved by con-110

ditioning its generations on large-scale atmospheric circulation patterns and temperature trends derived from ERA5 reanalysis

data (Hersbach et al., 2020), while being calibrated locally against the HYRAS dataset. Because HYRAS is the meteorological

data source used in CAMELS-DE, this calibration ensures statistical consistency between the generated data and the observed

historical data from CAMELS-DE. In total, the nsRWG provides 100 alternative 71-year realizations (1951–2021) of 5 × 5

km gridded daily precipitation and air temperature. By simulating continuous weather fields rather than isolated storms, the115

generator produces dynamic antecedent moisture states prior to extreme events and provides the meteorological drivers for

diverse flood-generating mechanisms, including snow-melt, convective storms, and prolonged heavy rainfall. To work with the

lumped hydrological models, the gridded outputs are aggregated to spatial catchment means. Consistent with the CAMELS-DE

data, potential evapotranspiration (PET, mm d−1) is calculated using the modified Hargreaves formula to force the HBV and

hybrid models.120

2.3 LSTM model

The data-driven baseline is a regionally trained LSTM model, largely following the CAMELS-DE benchmark setup by Loritz

et al. (2024) with specific modifications for our experimental design. The model is trained regionally on the 180 catchments in

the study area (Fig. 1). To ensure compatibility between the historical training data and the nsRWG data during inference, the

dynamic input variables are reduced to solely mean catchment precipitation (mm d−1) and mean air temperature (°C). The set125

of static attributes is unchanged from the CAMELS-DE benchmark, and the target variable is the specific discharge (mm d−1).

The training and evaluation splits remain consistent with the CAMELS-DE benchmarks: the training period is set from 1

October 1970 to 31 December 1999, the validation period from 1 October 1965 to 30 September 1970, and the testing period

from 1 January 2000 to 31 December 2020. The network architecture consists of a single hidden layer with a hidden size of

128. The model is trained for 30 epochs using the Adam optimization algorithm with a sequence length of 365 days, a batch130

size of 256, a learning rate of 0.001, and a dropout rate of 0.4. The loss function is the basin-averaged Nash-Sutcliffe efficiency

(NSE*) proposed by Kratzert et al. (2019). To mitigate uncertainties associated with random weight initialization, we train

an ensemble of five independent LSTMs using different random seeds. Throughout this study, all reported LSTM simulations

and computed metrics refer to the ensemble median at each time step. After initial evaluation on the historical testing period,
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the trained ensemble is forced with the nsRWG data to investigate the LSTM’s ability to simulate unprecedented extreme135

events and to identify its simulation limits. Finally, to test whether the architectural constraints of the LSTM can be mitigated,

the LSTM setup is retrained in a targeted data augmentation experiment, where the historical training data is enriched with

synthetic extreme events (detailed in Sect. 2.6).

2.4 HBV model

To provide a physically constrained baseline, we utilize the conceptual HBV model, specifically the implementation by140

Acuña Espinoza et al. (2024), which is based on Seibert (2005). In addition to precipitation and mean air temperature, the

HBV model receives potential evapotranspiration (PET, mm d−1) as an input forcing. Targeting improved high-flow per-

formance, we apply two structural adjustments to the standard CAMELS-DE HBV setup: the inclusion of a calibrated direct

runoff component (which accelerates the runoff reaction) and a saturation-excess runoff mechanism, which routes precipitation

directly into the stream when the soil storage is filled.145

The calibration and testing periods for the HBV model are identical to those used for the LSTM. The model is calibrated

individually for each catchment using the DiffeRential Evolution Adaptive Metropolis (DREAM) algorithm (Vrugt, 2016),

implemented via the SPOTPY library (Houska et al., 2015), with the Gaussian Likelihood serving as the objective function. To

account for parameter uncertainty and the issue of equifinality in hydrological modeling (Beven, 2006), where multiple distinct

parameter sets can yield similarly good performance, we generate an ensemble of five calibrated parameter sets per catchment.150

As with the LSTM setup, all reported HBV simulations and metrics refer to the ensemble median at each time step.

2.5 Hybrid model

In addition to the stand-alone LSTM and HBV models, we evaluate a hybrid architecture that combines both approaches.

Specifically, we utilize a variant of the δn(γt,βt) model with dynamic parameterization as proposed by Feng et al. (2022) and

implemented by Acuña Espinoza et al. (2026a). In this setup, a neural network (LSTM) processes the meteorological inputs155

and static catchment attributes to dynamically set the parameters of conceptual backbone models at each time step. Rather

than a single conceptual model, the LSTM simultaneously parametrizes an internal ensemble of 16 parallel HBV models. This

multi-model configuration aims at representing spatial heterogeneity through virtual sub-catchments, and to directly account

for parameter equifinality. The mean discharge produced by these 16 members is subsequently routed through a two-parameter

unit hydrograph to yield the final simulated discharge. The HBV backbone in this hybrid setup also includes the structural160

modifications (i.e., the direct and saturation-excess runoff components) introduced in our stand-alone HBV model (Sect. 2.4).

The LSTM part learns and dynamically sets the following parameters: runoff shape coefficient (BETA), evapotranspiration

shape coefficient (BETAET ), recession coefficients (K0,K1,K2), and fraction of direct runoff (Fdir). Consequently, the

LSTM predicts 98 parameters at each time step (16 ensemble members × 6 HBV parameters, plus 2 routing parameters).

The hybrid model uses the same training, validation and testing periods and receives the same dynamic and static inputs as165

the stand-alone LSTM, with the addition of potential evapotranspiration (PET), which is required for the HBV component’s

internal water balance (Sect. 2.4). The hyperparameters of the hybrid model are similar to those of the LSTM; the hybrid model

6

https://doi.org/10.5194/egusphere-2026-6036
Preprint. Discussion started: 28 October 2026
c© Author(s) 2026. CC BY 4.0 License.



has a hidden size of 256, is trained for 30 epochs, uses a batch size of 256, a dropout rate of 0.4, and applies a scheduled learning

rate of 0.001 initially, reduced to 0.0005 at epoch 10 and to 0.0001 at epoch 20. The model is trained using the Adam optimizer

and the basin-averaged Nash-Sutcliffe efficiency (NSE*) as the loss function. We also train an ensemble of five hybrid models170

using different random seed initializations for the neural network component to mitigate initialization uncertainty. All reported

hybrid model results correspond to the ensemble median simulation at each time step.

While this architecture possesses significantly more degrees of freedom than a standard conceptual model, the neural net-

work’s outputs are strictly forced to operate within a physically consistent framework dictated by minimum and maximum

parameter bounds and the mass conservation laws of the HBV structure. After initial training and evaluation on the historical175

CAMELS-DE dataset, the trained hybrid ensemble is forced with the 100 realizations of the nsRWG data. By comparing its

response to extreme precipitation to the responses of the stand-alone LSTM and the conceptual HBV model, we specifically

evaluate the extrapolation capabilities of the hybrid architecture. Ultimately, we aim to test whether this hybrid approach offers

the "best of both worlds": bypassing the artificial saturation limits of the stand-alone LSTM while maintaining higher overall

predictive accuracy than a purely conceptual model.180

2.6 Data Augmentation

Building on the rationale established in Sect. 1, our data augmentation strategy is specifically designed to enrich the LSTM’s

training dataset with synthetic extreme events that maintain spatiotemporal and statistical consistency. The augmentation sam-

ples are constructed by pairing extreme meteorological forcings from the nsRWG (input features) with corresponding extreme

discharge simulations (target labels). These target labels are extracted from either the conceptual HBV model or the hybrid185

model simulations. These synthetic samples represent a plausible, albeit unobserved, hydrological reality; however, they in-

herently carry the structural assumptions and potential biases of their respective source models. To maintain a strict separation

between training and evaluation, the 100 nsRWG realizations are divided: 70 realizations are utilized exclusively for potential

augmentation samples, while the remaining 30 realizations are reserved as an independent test set to evaluate the augmented

models and their prediction limits (Sect. 3.3).190

We sample time steps where the HBV or hybrid model simulations exceed the capacity of the standard, non-augmented

LSTM when driven by the nsRWG forcings. We define two extremity thresholds based on the baseline LSTM’s behavior under

nsRWG forcing:

1. Simulated Maximum: Targets exceeding the highest discharge simulated by the base LSTM.

2. Theoretical Limit: Targets exceeding the calculated mathematical upper bound of the base LSTM.195

Applying these two thresholds across the two target-generating models (HBV and hybrid) results in four distinct experimental

sets for data augmentation (Tab. 1).

For each identified time step, a sample is constructed comprising a 365-day meteorological input sequence ending on

that day, paired with the corresponding simulated discharge target. These synthetic sequences are added to the full histori-
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Table 1. Overview of experimental setups, training datasets, and corresponding evaluation sections.

Model Training Forcing Training Targets Augmentation Threshold Section

LSTM baseline Observations Observations – Sect. 3.1, 3.2

HBV baseline Observations Observations – Sect. 3.1, 3.2

Hybrid model baseline Observations Observations – Sect. 3.1, 3.2

LSTMHBV > Theo. Limit Obs. + Synthetic Obs. + HBV sim. Theoretical Limit Sect. 3.3

LSTMHBV > Sim. Max. Obs. + Synthetic Obs. + HBV sim. Simulated Maximum Sect. 3.3

LSTMHybrid > Theo. Limit Obs. + Synthetic Obs. + Hybrid sim. Theoretical Limit Sect. 3.3

LSTMHybrid > Sim. Max. Obs. + Synthetic Obs. + Hybrid sim. Simulated Maximum Sect. 3.3

cal CAMELS-DE training dataset. During model training, the fraction of augmented samples is randomly shuffled into the200

training batches, rendering them indistinguishable from the historical observations to the neural network.

3 Results

This section presents the evaluation of the LSTM, the HBV model, and the hybrid model. Table 1 provides an overview

of all experimental setups and their respective training and data augmentation configurations. We first assess baseline model

performances using observed data from the CAMELS-DE dataset (Sect. 3.1), followed by an analysis of how the models behave205

under the extreme meteorological forcing conditions provided by the weather generator (Sect. 3.2). Building on these initial

findings, we apply the data augmentation strategies described in Sect. 2.6, incorporating additional synthetic extreme events

into the LSTM’s training data. The performance of these augmented LSTMs is then evaluated on both the observed CAMELS-

DE data and an independent set of weather generator realizations. Finally, we demonstrate the practical implications of the

data augmentation strategies by simulating the catastrophic July 2021 flood event, including the devastating Ahrtal flood (Sect.210

3.3).

As described in Sect. 2.1, discharge data availability limits the number of catchments for model comparison from 180

to 167. In a further filtering step, we restrict our analysis to catchments where all three base models achieve a Nash-Sutcliffe

Efficiency (NSE) ≥ 0.6, yielding a final subset of 152 catchments. Applying this performance threshold ensures that the samples

subsequently used for data augmentation originate from catchments where the baseline models provide reliable simulations.215

3.1 Models tested on observed data

To establish a baseline model performance, the three models are evaluated over a 21-year test period using observed data from

the CAMELS-DE dataset (2000 – 2020). Based on the NSE, the data-driven approaches generally outperform the conceptual

HBV model (Fig. 2a). The LSTM achieves the highest overall performance with a median NSE of 0.90, closely followed by
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Figure 2. Empirical cumulative distribution functions of NSE and peak-flow performance metrics across CAMELS-DE catchments for the

HBV, LSTM, and hybrid models in the observed test period (2000-2020). Panels show (a) Nash-Sutcliffe efficiency (NSE), (b) peak flow

error (FHV), (c) Peak Timing error, and (d) Peak mean percentage error (MPE); all panels share the same y-axis (cumulative probability).

Solid colored curves denote model-specific distributions, and dashed vertical lines indicate the corresponding model medians. The vertical

black dashed line marks the reference value at 0 (ideal value for FHV, Peak Timing, and Peak MPE).

the hybrid model at 0.89. In contrast, the HBV model achieves a median NSE of 0.83 for the 152 selected catchments. While220

the LSTM and hybrid models perform similarly well in the highest-scoring catchments, the hybrid model exhibits a wider

spread towards lower NSE values, indicating that the hybrid model performs worse than the pure LSTM in a subset of the

more challenging catchments. We further evaluate the simulations using high- and peak-flow specific metrics (Fig. 2b-d). For

the high-flow volume bias (FHV, Yilmaz et al., 2008), which represents peak flow bias for the highest 2 % of discharges, the

hybrid model performes best with a median value of -2.26 %. This notably outperformes both the LSTM (-7.54 %) and the225

HBV model (-13.01 %). Regarding the timing of peak flows, the LSTM and hybrid models show similar capabilities, missing

the observed peaks by a median lag of 0.22 and 0.23 days, respectively. The HBV model shows a larger lag, missing peaks by a

median of 0.33 days. For the peak mean percentage error (Peak MPE), the hybrid model again demonstrates a slight advantage

over the LSTM, yielding a median error of -13.06 % compared to -14.93 % for the LSTM, while the HBV again performs

worst with a median error of -32.95 %.230

Based on this standard metrics-based comparison on the observed record, we conclude that while the LSTM yields the best

overall simulation quality (as measured by the NSE over 21 years), the hybrid model demonstrates superior performance for

high- and peak-flows. The conceptual HBV model consistently achieves the lowest performance across all evaluated metrics.

These baseline findings align with recent literature (e.g., Acuña Espinoza et al., 2025; Feng et al., 2022), which similarly high-

lights the strong overall performance of pure LSTMs alongside the specific advantages of hybrid architectures for simulating235

extreme flows.
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3.2 Model limits under observed and synthetic extreme forcings

To evaluate the physical plausibility and extrapolation limits of the models, we compare their high-flow responses under

historical conditions to those under unprecedented synthetic extremes. For the latter, we utilize the nsRWG dataset, whose 100

realizations provide 100 to 250 times more extreme precipitation events of varying durations (≥ 100-year return period) than the240

observed CAMELS-DE record (Table A1). Because this synthetic meteorology lacks corresponding observed discharge targets,

we evaluate the models based on physical plausibility, specifically examining whether simulated discharge scales appropriately

with increasing precipitation. Figure 3 illustrates this by plotting the 250 highest-magnitude discharge simulations for each

catchment against their Antecedent Precipitation Index (API, Kohler and Linsley, 1951), alongside the calculated theoretical

upper limit of the trained LSTM (Kratzert et al., 2024). The API is used as a proxy for total multi-day preceding rainfall and245

catchment wetness, computed over a 14-day window with a decay constant of 0.9.

When forced with the observed CAMELS-DE meteorological record in the testing period (Fig. 3a-c), all three models

exhibit similar, plausible relationships between API and peak discharge. In this observational space, the LSTM functions

without issue; its maximum simulated discharge remains well below its calculated theoretical limit and the expected general

trend of increasing simulated discharge with higher precipitation intensities is evident. However, the model responses diverge250

significantly when forced with the extreme precipitation events generated by the nsRWG, revealing clear patterns of saturation

in case of the LSTM (Fig. 3d). In line with previous studies (Baste et al., 2025; Acuña Espinoza et al., 2025), the HBV and

hybrid models continue to exhibit physically plausible behavior under extreme forcing, with a trend of simulated discharge

increasing continuously as API increases, showing no apparent upper boundary (Fig. 3e-f). While this continuous scaling

confirms that the models do not artificially saturate, the accuracy of the simulated peak magnitudes cannot be verified due to255

the lack of corresponding observations. In contrast, the standard LSTM hits a hard simulation ceiling that it cannot breach.

Despite the presence of much higher precipitation forcings, the LSTM’s maximum simulated discharge caps at 49.1 mm d−1.

Notably, this practical ceiling is reached even below the theoretical limit of 53.7 mm d−1, stressing the extrapolation constraint

of the purely data-driven model under unprecedented extreme events.

3.3 Impact of data augmentation on extreme flow simulations260

Table 2 summarizes the characteristics of the four data augmentation sets, generated based on the strategies detailed in Sect.

2.6. Depending on the threshold and the source model used, these sets provide between 62 and 632 additional extreme samples

for training, corresponding to the points above the thresholds in Figure 3e-f. Because the hybrid model tends to simulate higher

peak flows than the conceptual HBV model under extreme nsRWG forcing, its respective augmentation sets yield a larger

number of high-magnitude extreme samples.265

We first evaluate the augmented LSTMs on the observed CAMELS-DE test period to calculate standard performance metrics

and allow for a direct comparison against the baseline LSTM. As shown in Table 2, the addition of the augmentation samples

slightly improve all evaluation metrics, including NSE and peak-flow specific measures, across all four augmentation sets.
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Figure 3. Relationship between the Antecedent Precipitation Index (API) and peak simulated discharge (mm d−1) for the 250 largest

simulated values per catchment. The top row (a-c) shows model responses driven by the observational CAMELS-DE dataset, while the

bottom row (d-f) shows responses driven by the nsRWG weather generator data. Columns correspond to the standalone LSTM, conceptual

HBV, and hybrid models, respectively. The horizontal red dashed line denotes the theoretical limit of the LSTM. For the weather generator

forcing (d-f), the horizontal brown dash-dotted line additionally indicates the maximum absolute discharge simulated by the LSTM across

the dataset. These horizontal lines also depict the sampling thresholds for the data augmentation experiments.

While data augmentation generally increases baseline performance, no single sampling strategy stands out as significantly

superior within this observed data space.270

We then test the augmented models on the remaining 30 nsRWG realizations that are not used for data augmentation sampling

(Table 2 and Fig. 4). Compared to the baseline LSTM, the theoretical limits for all augmented models are raised substantially,

with the sets derived from the hybrid model inducing the largest increases. Most notably, training with hybrid model targets

exceeding the theoretical limit increases the theoretical limit to 92.65 mm d−1 (+72.6 %) and raises the maximum simulated

discharge to 72.37 mm d−1 (+47.5 %). Figure 4f-j demonstrates that while the baseline LSTM hits a strict simulation ceiling275
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Table 2. Model limits and performance metrics comparing the baseline LSTM with four targeted data augmentation strategies. The aug-

mentation sets consist of additional training samples where the HBV or hybrid models simulated discharges exceeding the baseline LSTM’s

theoretical limit or maximum simulated value. The theoretical limit and maximum LSTM simulation are derived by forcing the models

with the synthetic nsRWG sequences, whereas predictive performance metrics (NSE, FHV, Peak Timing, Peak MPE) are calculated against

observed targets over the historical CAMELS-DE testing period. Best performing values in each column are highlighted in bold.

nsRWG CAMELS-DE

Model
Augmentation

Samples

Theoretical Limit

(mm d−1)

Max. Simulated

(mm d−1)
NSE

FHV

(%)

Peak Timing

(days)

Peak MPE

(%)

LSTM baseline 0 (1,517,235) 53.67 49.06 0.905 -7.54 0.22 -14.93

LSTMHBV > Theo. Limit 62 78.60 65.10 0.907 -6.41 0.21 -13.97

LSTMHBV > Sim. Max. 130 83.99 62.17 0.915 -7.28 0.20 -14.04

LSTMHybrid > Theo. Limit 312 92.65 72.37 0.915 -7.46 0.20 -14.46

LSTMHybrid > Sim. Max. 632 89.05 70.40 0.912 -6.54 0.20 -14.00

under extreme nsRWG forcing, the augmented LSTMs react much stronger to high API values. Although an upper theoretical

ceiling must mathematically still exist, it has shifted so far upward that it is no longer reached by the extremes resulting from

the nsRWG-driven LSTM simulations.

Finally, to test the value of this approach on a real-world, high-impact event, we simulate the catastrophic July 2021 flood

across three heavily affected catchments: Altenahr, Kreuzberg, and Opladen (Fig. 5). Across all three gauges, the baseline280

LSTM substantially underestimates the observed daily discharge peaks. The data augmentation strategies consistently improve

the simulations, generating higher peak discharges than the baseline models. Although not shown in the plot, augmentation

variants using the theoretical limit as a threshold performed very similarly to those based on the simulated maximums. At

the Kreuzberg and Opladen gauges, while the augmented LSTMs simulate slightly higher peak flows, they still largely un-

derestimate the absolute magnitude of the extreme event. In contrast, the improvement at the Altenahr gauge is much more285

pronounced: here, the LSTM augmented with hybrid-model targets captures the flood peak with only minor underestimation

and a reduced ensemble spread. Notably, this reduction in peak error at Altenahr occurred even though the peak simulated

by the baseline LSTM is well below its theoretical limit, and the data augmentation sets contained no data from the Altenahr

catchment itself.

4 Discussion290

The discussion section addresses the research questions formulated in Sect. 1.
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Figure 4. Relationship between antecedent precipitation index (API) and simulated peak discharge for the baseline LSTM and four data-

augmentation variants (HBV > Theo. Limit, HBV > Sim. Max., Hybrid > Theo. Limit, Hybrid > Sim. Max.). The top row (a-e) shows

CAMELS-DE testing and the bottom row (f-j) shows nsRWG testing using realizations 1-30. In each panel, points represent the top 250

events per catchment. Dashed red horizontal lines indicate the ensemble-median theoretical LSTM output limit.

1. How do the different hydrological model architectures respond to unprecedented extreme meteorological

forcings from the weather generator?

Standard evaluations on historically observed data consistently show that purely data-driven LSTMs outperform conceptual

models like HBV in overall metrics (Lees et al., 2021; Frame et al., 2022), with hybrid models sometimes excelling at high-295

flow simulations (Acuña Espinoza et al., 2025; Song et al., 2026)—a pattern replicated in our study (Section 3.1, Fig. 2).

Furthermore, when evaluating the highest discharge simulations under these historical forcings (Fig. 3a-c), no fundamental

simulation limitations are apparent for the LSTM. If we were to base model selection solely on this historical data space,

the HBV model would not be chosen; instead, the LSTM would be selected for general simulation quality, and the hybrid

model could potentially serve as an expert for high-flow simulations. Based on this historical testing perspective, one might300
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Figure 5. Precipitation and discharge during the July 2021 flood event (10-21 July 2021) for the catchments Altenahr, Kreuzberg, and

Opladen. The upper panels show daily precipitation, and the lower panels compare observed discharge with simulations from the baseline

LSTM and two augmented LSTM variants based on HBV-derived and hybrid-model-derived samples. Lines show ensemble median discharge

and shaded envelopes show the minimum-maximum ensemble spread across seed members.

reasonably assume that the theoretical prediction limits of the LSTM no longer pose a practical constraint, especially since

regional training can raise this upper bound (Kratzert et al., 2024).

However, historical records, which in our case are limited to the testing period from 2000 to 2020, contain only a fraction

of possible extreme events across a limited number of catchments. To test the true boundaries of the models, we utilize a

weather generator to produce diverse, unprecedented, yet statistically plausible precipitation extremes, encompassing single-305

day and multi-day events under various antecedent conditions (Section 3.2, Table A1). When forcing the models with these

synthetically generated extremes, the fundamental limitations of the LSTM become apparent. Under these extreme forcings,

the LSTM hits a hard ceiling that it cannot overcome (Fig. 3d). In our simulations, the maximum discharge generated by the

LSTM stalled at an absolute value of 49.1 mm d−1, despite the theoretical capacity, calculated based on the trained model

weights, being 53.7 mm d−1. This reiterates that the LSTM output saturates even below its absolute mathematical limit. While310

Baste et al. (2025) demonstrated a similar limitation using artificial design precipitation events, our study proves that this
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behavior also occurs under the temporally consistent time series generated by the weather generator. In contrast, the HBV

and hybrid models exhibit physically plausible behavior under the same extreme forcings, showing continuous increases in

simulated discharge in response to increasing precipitation intensities (Fig. 3e-f). In these models, additional precipitation

input must strictly be accounted for (e.g., routed to storage or translated to runoff), whereas the standard LSTM architecture315

lacks a structural constraint to prevent it from dissipating mass. In the context of unprecedented extremes, our results suggest

that this physical constraint is a critical advantage over purely data-driven approaches.

Our results align with recent findings in the broader meteorological domain, where Zhang et al. (2026) showed that physics-

based models consistently outperform AI-based models in forecasting record-breaking extreme weather events. In hydrology,

evaluations of physical constraints on historical high flows yield mixed results: while some studies report improved high-flow320

performance for hybrid models and mass-conserving architectures (Acuña Espinoza et al., 2025; Hoedt et al., 2021), others find

that standard LSTMs still perform better in this regard (Frame et al., 2022). However, standard metrics such as FHV evaluate

the broader upper percentiles of the flow record, revealing little about model behavior at the absolute highest, unprecedented

peaks where extrapolation limits are actually reached. Our results suggest that the advantage of physical constraints becomes

pronounced under unprecedented conditions. Although rare, such events are statistically inevitable and projected to intensify325

under climate change (Blöschl et al., 2019; Brunner et al., 2021; Astagneau et al., 2026). Accurately simulating these mag-

nitudes is critical for operational flood forecasting and design discharge estimation, where we must increasingly account for

seemingly "impossible" floods (Montanari et al., 2024). Our study shows that relying solely on unconstrained data-driven

models for such tasks is risky, unless their inherent extrapolation limits are explicitly addressed to ensure that extreme precipi-

tation translates into proportionate runoff. Synthetically generated weather forcings provide a framework to reliably stress-test330

hydrological models, particularly for exposing the structural boundaries of standard LSTMs.

2. Can targeted data augmentation mitigate the inherent limitations of the LSTM?

After establishing that the standard LSTM hits a strict simulation ceiling under extreme forcings, a limitation the conceptual

HBV and hybrid models do not suffer from, we leverage the capacity of the physics-constrained models to generate targeted

augmentation samples. Specifically, we use the weather generator sequences as input features, paired with the corresponding335

discharge simulations from the HBV and hybrid models as targets. Although these synthetic extremes represent a small fraction

of the overall dataset (adding a maximum of 632 events to the approximately 1.5 million historical CAMELS-DE training

samples), their inclusion has a profound impact on the network’s behavior.

As demonstrated in Table 2, all four data augmentation strategies successfully raise both the LSTM’s theoretical limit and its

maximum simulated values when tested on unseen weather generator realizations. Furthermore, the inclusion of the synthetic340

extremes in the training data improves high- and peak-flow metrics, and in most cases, overall NSE, when evaluated on the

observed CAMELS-DE data. While all four strategies prove to be effective, augmentation utilizing targets from the hybrid

model raise the theoretical limit more than those from the HBV model. This likely occurs because the hybrid model simulates

higher magnitude discharges that were used for data augmentation, pushing the LSTM’s predictive boundary further upward.
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The practical benefit of this shifted boundary becomes evident when analyzing the 250 most extreme events per catchment345

in the CAMELS-DE testing data (Fig. 4a-e). The augmented LSTMs gain substantial headroom toward their newly raised the-

oretical limits. Even though the historical CAMELS-DE forcings rarely push the models to their mathematical boundaries, the

augmented models, particularly those trained on hybrid model targets, simulate higher peak flows, with one instance surpassing

the original baseline LSTM’s theoretical maximum. More importantly, when testing these augmented LSTMs against the much

more extreme, held-out weather generator sequences, the previously observed hard ceiling is no longer observable (Fig. 4f-j).350

The raised theoretical maximum provides ample headroom, allowing the augmented LSTMs to simulate significantly higher

discharges without showing any signs of artificial saturation. Visual assessments of simulated hydrographs revealed that the

augmented LSTM does not learn to mimic the responses of the HBV and hybrid models. Instead, it leverages its expanded

headroom, while its core rainfall-runoff response still mirrors that of the non-augmented LSTM.

To validate these findings under severe real-world conditions, we test the models on the catastrophic July 2021 flood event355

across the Altenahr, Kreuzberg, and Opladen catchments (Fig. 5). Across all gauges, the baseline LSTM underestimates the

peak discharge of this unprecedented event. While the augmented LSTMs still underestimated the absolute peaks, the magni-

tude of the error as well as the ensemble spread are reduced. This improvement is particularly pronounced at the Altenahr gauge

using the hybrid-model-augmented LSTM, leading to a better simulation of the extreme hydrograph. However, the results at

the Kreuzberg and Opladen gauges highlight that the simulation of unprecedented extreme events remains a challenge that360

data augmentation alone cannot entirely solve. A key limiting factor is the temporal resolution of our simulations. To reliably

capture such rapid flood dynamics, especially the rising limb of the hydrograph, hourly data would likely be necessary (Dolich

et al., 2026b).

Further exploration of these extreme responses revealed that the actual maximum discharge simulated by the standard LSTM

often stalled well below its absolute mathematical limit. Using the design precipitation methodology of Baste et al. (2025),365

we observed varying catchment-specific predictive limits that frequently fell far below the global limits shown in Fig. 3.

Our targeted data augmentation techniques successfully raised these local limits alongside the absolute theoretical boundaries

of the LSTM. This increase in predictive limits occurred across the entire region, not just in the specific catchments that

contributed data augmentation samples. This is also the case for the evaluated catchments Altenahr and Opladen, which did not

contribute to the synthetic augmentation dataset. The improved LSTM simulations for this historic event are therefore the direct370

result of regional data augmentation effects. This demonstrates that the LSTM successfully leverages its expanded boundaries

to generalize the relationship between extreme forcings and high discharge, rather than simply memorizing the augmented

catchments.

Our results demonstrate that targeted data augmentation, pairing synthetic meteorological extremes with discharge targets

from physically informed models, can effectively mitigate the practical impact of the LSTM’s theoretical limit. By using mass-375

conserving models as target generators during extreme synthetic events, we can actively push the boundaries of the purely

data-driven model. This approach simultaneously improves general high- and peak-flow performance without compromising

overall model accuracy, as shown by stable or even slightly increased NSE scores. In contrast, Kenne et al. (2026) showed that

untargeted data augmentation techniques (such as noise addition or resampling) offer only marginal benefits when applied to
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large, already diverse hydrological datasets. Together, these results suggest that while the LSTM does not suffer from a general380

data deficit, it is specifically constrained by a lack of physically plausible samples in the extreme right tail of the distribution.

Data augmentation in the field of hydrology is therefore most promising when directly targeting this deficit. A possible alter-

native pathway would be defaulting to a hybrid model for extreme event simulation as a more straightforward solution, since it

inherently avoids saturation and excels at high flows. However, the standard LSTM remains advantageous in several aspects:

its architectural simplicity reduces uncertainties associated with model assumptions (Poudel and Steinschneider, 2026), its385

computational efficiency, its highly active community development, particularly for efficient large-scale and high-frequency

data handling (e.g., Gauch et al., 2025; Acuña Espinoza et al., 2026b), and the ease with which its outputs can be made prob-

abilistic, a crucial aspect for simulating extreme floods (Baste et al., 2026). While the use of non-saturating functions, such as

in the xLSTM (Beck et al., 2024), might appear to be a straightforward remedy to the ceiling issue, it did not resolve the satu-

ration problem and even reduced the theoretical limit, as shown in Baste et al. (2025). Therefore, the exploration of pathways390

that mitigate the LSTM’s theoretical limits, such as our proposed targeted data augmentation, remains relevant for advanc-

ing data-driven hydrology. It must be acknowledged, however, that the theoretical limit of a standard LSTM is an inherent

architectural property that can be shifted upward into regions of less practical concern, but cannot be completely eliminated.

An open question for future research is whether a sophisticated weather generator is necessary to achieve this shift. Simpler

methods, such as utilizing artificial design storms or applying mathematical multipliers to historical targets, could potentially395

yield similar boundary-shifting effects. Yet, we hypothesize that the spatial and temporal consistency uniquely supplied by the

weather generator ensures the neural network learns realistic rainfall–runoff dynamics under extreme conditions, rather than

merely mathematically hacking its upper boundary.

3. What are the implications of these findings for large-sample, regional LSTM training strategies?

The results from our targeted data augmentation experiments highlight a crucial consideration for the standard train-test-400

validate data splitting procedure in large-sample hydrology. We demonstrate that adding merely 62 to 632 synthetic extreme

samples, a small fraction compared to the approximately 1.5 million total CAMELS-DE training samples, substantially shifts

the theoretical limit of the LSTM, while also improving overall and high-flow specific model performance (Table 2). This im-

pact underscores that in order to develop a model that performs well during high-flow situations and delays artificial saturation,

the training dataset must encompass as many extreme, high-magnitude historical flood events as possible.405

This insight adds nuance to recent discussions regarding sampling strategies and dataset sizes for regional deep learning

models. For instance, Kratzert et al. (2024) concluded that increasing the number of catchments in the training data generally

improves model performance. While this might hold true for overall predictive quality, our findings suggest that for robust

high-flow simulations, ensuring the inclusion of the highest flood events is more critical than simply maximizing the sheer

number of catchments. Furthermore, Heudorfer and Loritz (2026) concluded that smart sampling does not significantly outper-410

form random sampling, suggesting that utilizing just 10 % of available training data can yield strong performance. Although

the authors explicitly noted their findings were based on NSE evaluations over multiple years, our results warrant caution

against utilizing reduced, randomly sampled training sets when aiming to simulate extremes. Because rare, catastrophic floods
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constitute such a minute fraction of the historical record, a small random sample is likely to miss them entirely. Omitting

these specific extremes from the training phase directly constrains the LSTM’s theoretical limit, thereby rendering it inherently415

incapable of simulating rare, high-magnitude floods.

To further investigate if the saturation issue could be mitigated through a larger regional training dataset, we calculate the

theoretical limit of the benchmark CAMELS-DE LSTM (Loritz et al., 2024), which is trained on the entire dataset of 1,582

German catchments rather than the regional subset of 180 catchments covered by the weather generator domain. As expected

from the findings of Kratzert et al. (2024), this expansion of the training set raises the baseline ceiling, yielding a median420

theoretical limit of 74.8 mm d−1 (standard deviation 0.78) across ten model seeds. However, this limit still falls below the limit

of the LSTM trained on just the regional subset combined with our data augmentation strategies. This discrepancy highlights

that the relative occurrence of extreme events in the training data is just as crucial as their absolute number. While training

on all of Germany introduces more high-magnitude historical events in absolute terms, the ratio of extreme to normal events

remains small. In contrast, targeted data augmentation explicitly increases the relative density of these critical training signals.425

Ultimately, expanding the historical training set scales the problem rather than eliminating it. While including all of Germany’s

catchments raises the theoretical limit, evaluating this model against a hypothetical, Germany-wide weather generator would

inevitably push the LSTM against its newly elevated ceiling. The fundamental architectural constraint remains; the problem

is merely shifted to a higher magnitude. At the absolute extreme tail, where historical data is exhausted, data augmentation

remains the only pathway to provide the necessary high-flow training signals.430

Our study emphasizes the need to evaluate models based on their intended use case (Yilmaz et al., 2008; Beven and Lane,

2022). For extreme flood forecasting or critical infrastructure design, standard historical performance metrics (e.g., NSE or

peak flow error) can provide a false sense of security because they fail to expose the LSTM’s structural limitations. Before

operational deployment, purely data-driven models must be explicitly stress-tested against unprecedented extremes, whether

through sophisticated weather generators or accessible alternatives like synthetic design precipitation (Baste et al., 2025).435

5 Conclusions

In this study, we demonstrate that synthetically generated meteorological extremes provide an effective framework for stress-

testing hydrological models. Using a weather generator, we reiterate that standard LSTMs suffer from artificial output saturation

under unprecedented extremes, a structural limitation hidden during standard historical evaluations. Targeted data augmentation

using synthetic extreme meteorological forcings together with targets from mass-conserving models shifts this theoretical limit440

upward, mitigating but not entirely eliminating the architectural ceiling. Training on larger datasets (e.g., the entire CAMELS-

DE dataset) also raises the theoretical limit by introducing more historical extremes, but not as effectively as our data augmen-

tation strategies, which actively increase the relative density of extreme events. Augmenting a Germany-wide LSTM with a

nationwide weather generator represents a promising pathway to push the predictive boundaries even further. Furthermore, our

results highlight the potential of hybrid modeling when simulating extreme events. The hybrid model evaluated here showed445

no signs of output saturation under unprecedented extremes and yields the best overall high- and peak-flow performance. As
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the community continues to develop technical improvements for the standard LSTM, such as probabilistic models or data

assimilation strategies, these advancements should be adapted for hybrid architectures to combine physics-based robustness

with data-driven efficiency. Ultimately, consistent with numerous prior studies, the standard LSTM demonstrated strong over-

all simulation performance. However, practitioners must be aware of its architectural limitations. Because the LSTM’s global450

theoretical limit can be easily calculated from its trained weights, this value should be computed and monitored continuously,

while remaining aware that the limit in some catchments can be much lower. Where practically feasible, actively expanding

these boundaries through targeted data augmentation can significantly mitigate this vulnerability. If an LSTM is deployed

operationally for flood forecasting or design flood estimation, we recommend running a mass-conserving or hybrid model in

parallel as a structural safeguard. This is particularly critical when forecasted forcings approach unprecedented magnitudes455

or when the LSTM nears its theoretical limit. Being aware of the LSTM’s limit problem is essential; without this awareness,

purely data-driven modeling can lead to the potentially catastrophic underestimation of extreme events.

Code and data availability. The historical meteorological and hydrological data used in this study are provided by the CAMELS-DE dataset

(Dolich et al., 2025) and its hourly counterpart, CAMELS-DE-1h (Dolich et al., 2026a). The catchment-aggregated synthetic time series

generated by the non-stationary regional weather generator (nsRWG) are available from the corresponding author upon request. The source460

code used to train the LSTM and the hybrid model is available in the Hy2DL package (Acuña Espinoza et al., 2026a) at https://github.com/

eduardoAcunaEspinoza/Hy2DL (last access: 9 September 2026). The code for calibrating the conceptual HBV model is available in the

HyMC package (Acuña Espinoza et al., 2024) at https://github.com/eduardoAcunaEspinoza/HyMC (last access: 9 September 2026).
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Table A1. Comparison of exceedance counts for observed CAMELS-DE and synthetic weather-generator (nsRWG) precipitation events

across return-period classes of 25–50, 50–100, and >100 years. Exceedance counts were derived from KOSTRA-DWD-2020 return-period

thresholds applied to rolling precipitation sums. Ratios indicate the multiplicative increase in rare-event frequency in the weather generator

relative to the historical record.

Duration Return period CAMELS-DE nsRWG Ratio

(days) (years) Exceedances Catchments Exceedances Catchments (nsRWG/CAMELS)

1 25–50 76 61 10062 180 132.4

1 50–100 43 41 6151 178 143.0

1 >100 31 31 3184 166 102.7

2 25–50 95 72 18786 180 197.7

2 50–100 53 49 10858 180 204.9

2 >100 38 37 5312 180 139.8

4 25–50 73 60 28376 180 388.7

4 50–100 48 44 15662 180 326.3

4 >100 29 29 7112 180 245.2

7 25–50 140 90 35338 180 252.4

7 50–100 64 56 18277 180 285.6

7 >100 34 34 7617 180 224.0

Appendix A: Comparison of CAMELS-DE precipitation to nsRWG precipitation

We compare rainfall exceedances in the historical CAMELS-DE record to the nsRWG realizations, using catchment-specific465

return-period thresholds derived from the gridded KOSTRA-DWD-2020 dataset (Junghänel et al., 2023). Driven primarily by

the dataset’s volume of 100 parallel realizations and the unbounded nature of the weather generator’s marginal distributions,

the nsRWG produces substantially more events in the 25–50, 50–100, and >100 year return-period classes. Depending on event

duration, absolute event counts exceed the single CAMELS-DE record by a factor of 100 to nearly 400 (Table A1). This shows

that the synthetic data include a much wider and more extreme precipitation tail, suitable for hydrological model stress testing470

and targeted augmentation of rare-event samples.
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