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Abstract. Along the Rhine River, low-flow conditions are among the most frequent and economically significant constraints on

inland waterway transport. Reliable and accurate forecasts are critical for informed decision-making. Although deep learning

has shown great promise in hydrological modelling, process-based models remain the operational standard at many institutions,

including the German Federal Institute of Hydrology.

In this study, we show that a regionally trained probabilistic deep learning model improves operational streamflow forecasts5

for the Rhine basin. We further investigate a hybrid configuration that combines data-driven and process-based modelling by

incorporating operational forecasts as inputs to the deep learning model. Both approaches provide more accurate and reliable

forecasts than the current operational system. Improvements are most pronounced for low flows, where the models reach

skill levels that the operational system attains only at substantially shorter lead times, corresponding to an effective gain of

approximately 2 forecast days. The hybrid approach achieves the highest overall performance by combining the short-term10

strengths of the operational system with the long-term generalization capabilities of deep learning.

These findings highlight that deep learning can complement established operational systems without replacing them, offering

a practical pathway to integrate data-driven methods into operational practice. This, in turn, enables safer and more efficient

inland waterway transport and facilitates planning under low-flow conditions.

1 Introduction15

Accurate and reliable rainfall-runoff modelling remains a fundamental challenge in hydrology and plays a key role in water

management (Dobriyal et al., 2017; McMillan et al., 2017), ecosystem conservation (Bunn and Arthington, 2002), and predic-

tion of extreme events, particularly floods and low flows (Smakhtin, 2001; Alfieri et al., 2013; Nearing et al., 2024). Traditional

conceptual and process-based hydrological models are widely used for these tasks, but they face well-documented limitations

(Beven, 1987, 2001; Blöschl et al., 2019; Nearing et al., 2021).20

One particularly challenging aspect is regionalizing rainfall-runoff models across multiple catchments (Kratzert et al.,

2019b). Traditional hydrological models perform best when calibrated for individual catchments, but their performance de-

teriorates when applied regionally or globally (Mizukami et al., 2017; Kratzert et al., 2019b, 2024). This problem arises from

the difficulty of extrapolating hydrological information from one catchment to another (Blöschl and Sivapalan, 1995) and is

closely related to the problem of prediction in ungauged basins (PUB, Hrachowitz et al., 2013; Kratzert et al., 2024). Numer-25
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ous model-dependent regionalization strategies have been developed (Razavi and Coulibaly, 2013), ranging from multi-scale

parameter regionalization schemes (Samaniego et al., 2010) to donor-catchment approaches (Beck et al., 2016). Because these

approaches rely on predefined hydrological models and prior knowledge of the hydrological system, their ability to generalize

across diverse catchments remains limited (Prieto et al., 2019; Kratzert et al., 2019b, 2024). Thus, achieving spatially consis-

tent and reliable hydrological simulations across heterogeneous regions continues to be one of the most persistent challenges30

in hydrological modelling (Guo et al., 2021).

Another long-standing problem is the effective minimization and quantification of predictive uncertainties, which has been

a major focus of research over the past decades (Pappenberger and Beven, 2006; Nearing et al., 2021; Klotz et al., 2022).

Various approaches have been developed to estimate uncertainty, including meteorological ensemble forecasts (e.g. Cloke

and Pappenberger, 2009; Thielen et al., 2009), statistical time-series models (e.g. Bogner and Pappenberger, 2011; Broersen35

and Weerts, 2005), data assimilation techniques (e.g. Reichle et al., 2002; Alvarado-Montero et al., 2017), post-processing

methods (e.g. Montanari and Koutsoyiannis, 2012; Hemri and Klein, 2017), and broader uncertainty quantification frameworks

(e.g. Pappenberger et al., 2005; Beven and Binley, 1992). Despite substantial methodological progress, there is currently no

single, prevailing approach for obtaining distributional rainfall-runoff predictions (Klotz et al., 2022). The majority of existing

methods build upon deterministic models that are augmented with some uncertainty estimation strategy (Klotz et al., 2022). In40

this context, distributions are added on top of model inputs, structures, or predictions to represent a lack of complete information

(Klotz et al., 2022; Nearing et al., 2021). Consequently, most models do not produce probabilistic predictions intrinsically but

are instead used within larger frameworks, relying on external methods such as ensemble sampling or Bayesian inference to

approximate uncertainty (Klotz et al., 2022).

Concurrently, the rise of machine learning and deep learning has transformed many fields of the natural sciences (He et al.,45

2019; AlQuraishi, 2019; Lam et al., 2023; Ravuri et al., 2021; Zhu et al., 2017). In hydrology, the application of deep learning

to rainfall-runoff modelling gained momentum with the work of Kratzert et al. (2018), who demonstrated that Long Short-

Term Memory (LSTM) networks can predict streamflow from meteorological observations with accuracies comparable to

well-established conceptual models.

LSTMs are a type of recurrent neural network (RNN) first proposed by Hochreiter and Schmidhuber (1997). Their archi-50

tecture includes memory cells that are conceptually analogous to the state variables of traditional dynamical system models,

making them particularly well suited for simulating natural systems such as watersheds. Unlike conventional RNNs, LSTMs

mitigate the problem of exploding and vanishing gradients, enabling stable learning over long sequences. This ability to capture

long-term dependencies is especially valuable for modelling catchment processes that evolve over extended timescales, such

as snow accumulation and seasonal vegetation dynamics (Kratzert et al., 2019b).55

On this basis, Kratzert et al. (2019a, b) demonstrated that a regionally trained LSTM, leveraging both time series data

and static catchment attributes, can achieve state-of-the-art performance in rainfall-runoff modelling, outperforming multiple

locally and regionally calibrated benchmark models. Their findings marked a paradigm shift by showing that a single LSTM

can learn hydrological behaviors at both local and regional scales (Kratzert et al., 2019b). This capability to capture similarities

and differences among catchments directly advances predictions in ungauged and data-scarce basins (Kratzert et al., 2019a).60
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By learning temporal and spatial dynamics simultaneously within a single predictive framework, deep learning effectively

circumvents many limitations of traditional regionalization methods, such as the need to transfer parameters or define catchment

similarities in advance (Kratzert et al., 2019b). In contrast to conceptual and process-based hydrological models, deep learning

models perform better when trained on multiple catchments, improving generalization across heterogeneous regions (Gauch

et al., 2021; Nearing et al., 2021; Kratzert et al., 2024).65

While these advances represent a major step forward in regional hydrological modelling, they do not yet account for uncer-

tainty, an aspect inherent to all parts of hydrological science (Pappenberger and Beven, 2006; Beven, 2016; Sivapalan et al.,

2003). Klotz et al. (2022) addressed this limitation by extending the LSTM rainfall-runoff models of Kratzert et al. (2019a, b)

with mixture density networks (Bishop, 1994). In these models, rather than predicting deterministic streamflow values, the

network learns the parameters of a probability distribution. This allows the network to produce probabilistic predictions that70

reliably express uncertainty directly from the input data – without relying on ensemble sampling or a priori probabilities (Klotz

et al., 2022; Kratzert et al., 2024).

Nearing et al. (2024) expanded the LSTM-based modelling framework developed by Kratzert et al. (2018, 2019a, b, 2021),

and Klotz et al. (2022) into a global operational system, illustrating that deep learning models can generalize to ungauged

basins and produce reliable, real-time predictions across diverse hydrological and climatic regions. Their architecture employs75

an encoder-decoder LSTM setup, in which one LSTM extracts hydrologically relevant information from historical forcings

(encoder), while a second LSTM uses meteorological forecasts to generate multi-day streamflow predictions (decoder). This

design allows the model to leverage both past and future forcing information, resulting in forecasts that exceed the perfor-

mance of current state-of-the-art global flood forecasting systems (Nearing et al., 2024). These developments highlight the

transformative potential of deep learning in hydrology – not only for scientific research but also for operational practice.80

Despite these advances, major hydrological institutions such as the German Federal Institute of Hydrology (BfG) continue

to rely primarily on established process-based systems. Barriers include a lack of institutional trust in data-driven methods,

limited expertise in artificial intelligence, and challenges in integrating deep learning approaches with established process-

based modelling frameworks. Overcoming these obstacles is essential to bridge the gap between research innovations and their

practical implementation.85

This study aims to address these challenges by demonstrating that deep learning can improve operational forecasts at the

BfG. The institute is responsible for the development and maintenance of navigation-related forecasting systems for the German

inland waterways. Since low flows represent the most significant hydroclimatic threat to the efficiency and reliability of inland

waterway transport, the forecasting systems primarily focus on low- to medium-flow conditions (Meißner et al., 2022). Using

the Rhine basin – an important region for navigation-related forecasting – as a case study, the objectives of this study are:90

(i) to benchmark the performance of the deep learning model against the operational process-based forecasting system, and

(ii) to explore the added value of a hybrid approach that integrates process-based forecasts as inputs to the deep learning

model.
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Figure 1. Overview of the LSTM-based state-handoff forecast model, showing the hindcast and forecast networks and their connection via

internal state handoff. Adapted from Nearing et al. (2024).

2 Data and Methods

2.1 Deep learning model95

In this study, we employ the LSTM architecture from Nearing et al. (2024) that uses a state-handoff to transition from a hindcast

sequence model to a forecast sequence model and has demonstrated operational success in Google’s Flood Hub system.

The hindcast LSTM processes a 365-day sequence of observed meteorological and hydrological data up to the forecast

issue date. The resulting internal states, both the cell state and the hidden state, are then passed through the handoff network to

initialize the forecast LSTM, which subsequently predicts streamflow over a 10-day lead time using meteorological forecasts as100

inputs. Conceptually, the hindcast LSTM should capture the catchment’s recent hydrometeorological conditions by processing

the preceding 365 days of observed data. The forecast LSTM then uses these learned states as initial conditions.

We train a single regional model across subbasins in the Rhine catchment. Consequently, both networks additionally receive

static attributes describing basin-specific climatic, hydrological, topographic, land cover, and soil characteristics, allowing the

model to learn shared patterns across catchments. An overview of the model architecture is illustrated in Fig. 1.105

The model design further enables uncertainty estimation through mixture density networks (Klotz et al., 2022). A mixture

density network is a neural network that combines multiple simple distributions, called components, to generate a mixture

probability density that represents uncertainty in the predictions (Bishop, 1994; Klotz et al., 2022). From input data such as

precipitation and temperature, the network estimates the parameters of each component (e.g., mean and standard deviation

for Gaussian component) as well as their corresponding mixing weights. The mixed density is then formed as a weighted110

sum of these components. The process is illustrated in Fig. 2. Prediction quantiles, confidence intervals, and other measures

of uncertainty can be derived by sampling from the probabilistic distribution, providing a comprehensive representation of

forecast uncertainty.

We implemented the model using a hidden size of 256 cell states for both the hindcast and forecast LSTM, a fully connected

hidden-state transfer network, and a mixture density network with asymmetric Laplacian distributions as components. At each115

time step, the model predicts the parameters of a single asymmetric Laplacian distribution over area-normalized streamflow, and
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Figure 2. Schematic illustration of a mixture density network for probabilistic forecasting. For each input, the network predicts the parameters

and weights of multiple components, which are combined to form a mixture density representing predictive uncertainty. Adapted from Klotz

et al. (2022).

the loss function is the joint negative log-likelihood of this heteroscedastic density. The model produces a separate asymmetric

Laplacian distribution for each time step and forecast lead time rather than a single deterministic prediction.

The data were split into training, validation, and test sets. The training and validation sets were used to estimate model

parameters and tune hyperparameters, while the test set was reserved exclusively for performance evaluation. All input data120

were standardized using the mean and standard deviation of the training period.

Daily sliding windows without padding were used, with splits defined by forecast issue date. Each sample consists of a

375-day input sequence (365 days of hindcast observations followed by a 10-day forecast horizon). Due to the long hindcast

window and daily sequencing, training inputs may include hindcast observations from the respective test year, and forecast

dates may overlap across training and test sets near year boundaries. However, this does not imply information leakage, as only125

observations available at forecast initialization are used and overlapping forecast dates occur exclusively for different forecast

issue dates and lead times, ensuring strict separation of forecast targets.

Because only eight full years of data were available (2017–2024), the model was trained and evaluated using leave-one-

year-out cross-validation based on hydrological years (November–October). The eight yearly cross-validation runs were then

concatenated to form a continuous discharge forecast for each basin and lead time. Based on these time series, metrics were130

computed separately for each lead time and basin, then averaged across lead times to evaluate overall forecast performance.
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Deterministic and probabilistic forecasts were derived from an ensemble of five independently trained LSTM models with

identical architectures and hyperparameters that differ only in their random initialization. Probabilistic results were obtained by

pooling 100 samples per time step and lead time from each model. Deterministic forecasts were derived by taking the median

of the pooled 500 samples at each time step and forecast lead time. For reference, we also tested the approach of Nearing et al.135

(2024), in which the median hydrograph from each individual LSTM is computed first and then averaged across the ensemble.

Both approaches yield nearly identical deterministic results. However, pooling preserves the full predictive distribution required

for probabilistic evaluation, which is why it is used in this study.

2.2 Data

The Rhine River basin, including its major tributaries (Fig. 3), served as the case study for this work. The Rhine is Europe’s most140

important inland waterway. It has a total length of approximately 1,320 km and drains a basin of about 185,000 km2 into the

North Sea (Belz et al., 2007). The elevation range of the basin extends from sea level at the delta in the Netherlands to more than

4,000 m in the Alpine headwaters. The catchments considered in this study represent a variety of runoff regimes. Discharge

in the Upper Rhine is strongly influenced by the Alpine part of the basin and is characterized by a pronounced unimodal

glacial-nival regime, with peak flows in summer and low flows in late autumn and winter. In contrast, the other tributaries145

contributing to the Rhine are predominantly rainfall-dominated (pluvial). The superposition of pluvial and snowmelt-driven

runoff components results in complex flow regimes along the river continuum (Belz et al., 2007). Gauging stations located

in the Alpine region were excluded from the analysis because strong anthropogenic influences, such as reservoirs, regulated

lakes, bypass channels, and inter-basin water transfers, negatively affect the training of regionalized deep learning models.

Thus, our dataset comprises model inputs and streamflow targets for 52 gauges and corresponding catchments, where catch-150

ments are defined by the total upstream area of each gauge and may be nested along the same river. All data are provided as

catchment-aggregated (lumped) time series at daily resolution and streamflow was normalized by the upstream catchment area

and expressed as specific discharge.

Observed meteorological data, consisting of precipitation and temperature, were derived from interpolated station measure-

ments provided by the German Weather Service (DWD), Météo-France, and MeteoSwiss. Both meteorological and streamflow155

measurements from catchment gauges were used as inputs for the hindcast LSTM model.

Meteorological forecasts (temperature and precipitation) were obtained from the European Centre for Medium-Range

Weather Forecasts (ECMWF), including both the high-resolution deterministic forecast (HRES) and the ensemble prediction

system (ENS), with 51 ensemble members. Although ENS provides forecasts up to 15 days ahead, the lead time was restricted

to 10 days, matching the maximum forecast horizon of HRES. Due to major changes in the ECMWF ENS system (substantial160

increase in spatial resolution) introduced in March 2016 (Haiden et al., 2016), the analysis was restricted to the period from

2017–2024 to ensure a homogeneous dataset. Nevertheless, it should be noted that the considered numerical weather prediction

(NWP) models were continuously updated during this period, resulting in changes in the statistical properties of the forecast

variables. Rather than using all individual ENS members, ensemble summary statistics (e.g., the mean, median, minimum,

and maximum across members) were computed and used as inputs. In addition, the second experiment utilized autocorrected165
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Figure 3. Overview of the study area, the Rhine River basin, showing its major tributaries and the 52 gauging stations included in this study.

Gauging stations located downstream within the Netherlands and those situated in the Alpine region were excluded from the analysis.

forecasts from the operational forecast system. These forecast datasets served as inputs to the forecast LSTM model, which

generates streamflow predictions over a lead time of 10 days.

Hydrologic, climatic, topographic, land use, soil, and anthropogenic basin attributes were incorporated to provide static

catchment characteristics (Table 1). These attributes were created specifically for the study gauges following an approach

similar to the CAMELS (Addor et al., 2017) and HydroATLAS (Linke et al., 2019) datasets.170

7

https://doi.org/10.5194/egusphere-2026-4476
Preprint. Discussion started: 10 September 2026
c© Author(s) 2026. CC BY 4.0 License.



Table 1. Static catchment attributes.

Attribute Description Unit Source

frac_snow Fraction of precipitation falling as snow, i.e. while mean air

temperature is < 0◦C.

– HYRAS (Rauthe et al., 2013)

high_prec_dur Mean duration of high-precipitation events (number of consec-

utive days with precipitation ≥ 5× mean daily precipitation).

d

high_prec_freq Frequency of high-precipitation days (≥ 5× mean daily precip-

itation).

d yr−1

low_prec_dur Mean duration of dry periods (number of consecutive days with

precipitation < 1 mm d−1).

d

low_prec_freq Frequency of dry days (< 1 mm d−1). d yr−1

p_mean Long-term mean daily precipitation from 1951 to 2020. mm d−1

p_seasonality Seasonality and timing of precipitation estimated using sine

curves representing annual temperature and precipitation cy-

cles. Positive (negative) values indicate summer (winter) pre-

cipitation peaks, while values close to zero indicate uniform

precipitation throughout the year.

–

runoff_ratio Runoff ratio, defined as the ratio of mean daily discharge to

mean daily precipitation.

– HYRAS (Rauthe et al., 2013); Fed-

eral state agencies; Federal Water-

ways and Shipping Administration

q_mean Mean daily specific discharge. mm d−1 Federal state agencies; Federal Wa-

terways and Shipping Administra-

tion

area_metadata Catchment area as provided by the agencies. km2

slope_fdc Slope of the flow duration curve between the log-transformed

33rd and 66th streamflow percentiles (see Coxon et al. (2020)).

–

snow_ice_perc Areal coverage of snow and ice. % IHME1500 (Günther and Duscher,

2019)

agricultural_areas_perc Areal coverage of agricultural areas. % CORINE Land Cover (European

Environment Agency, 2020)

artificial_surfaces_perc Areal coverage of artificial surfaces. %

forests_and_seminatural_areas_percAreal coverage of forests and semi-natural areas. %

water_bodies_perc Areal coverage of water bodies. %

wetlands_perc Areal coverage of wetlands. %

Continued on next page
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Static catchment attributes (continued)

Attribute Description Unit Source

bulk_density_0_30cm_meanBulk density of the fine earth fraction at depth 0–30 cm. kg dm−3 SoilGrids250m (Poggio et al.,

2021)

clay_0_30cm_mean Proportion of clay particles (< 0.002 mm) in the fine earth frac-

tion at depth 0–30 cm.

wt.%

coarse_fragments_0_30cm_meanVolumetric fraction of coarse fragments (> 2 mm) at depth 0–

30 cm.

wt.%

sand_0_30cm_mean Proportion of sand particles (> 0.05/0.063 mm) at depth 0–30

cm.

wt.%

silt_0_30cm_mean Proportion of silt particles (≥ 0.002 mm and ≤ 0.05/0.063

mm) in the fine earth fraction at depth 0–30 cm.

wt.%

soil_organic_carbon_0_30cm_meanSoil organic carbon content in the fine earth fraction at depth

0–30 cm.

wt.%

elev_mean Mean catchment elevation based on the MERIT Hydro geome-

try.

m a.s.l. Copernicus GLO-30 DEM (Euro-

pean Space Agency, 2022)

elev_sd Standard deviation of elevation values within the catchment. m

2.3 Operational model

In the current operational hydrological forecasting system of the BfG, hydrological processes within the catchment are sim-

ulated using the conceptual, semi-distributed rainfall-runoff model HydPy-H-HBV96-PREVAH (HydPy-H). This model inte-175

grates the PREVAH concept (Viviroli et al., 2009) for soil water balance simulations with the HBV96 concept for remaining

hydrological processes (Bergström, 1995; Lindström et al., 1997). The Rhine river basin is divided into 375 subbasins which

are further subdivided into hydrological response units (HRU) based on land use and elevation classes. Runoff generation pro-

cesses are calculated at the HRU level. Model simulations are conducted at an hourly temporal resolution. For benchmarking,

the hourly forecasts were aggregated to daily resolution.180

The hydrological model uses observed meteorological data up to the forecast initialization time to determine the initial states

(e.g., soil moisture and snow water equivalent). Beyond the initialization time, meteorological forecasts of precipitation and

temperature are used to predict streamflow. To guarantee fair comparison, both models use the same meteorological input

data. When ensemble forecasts (ENS) are used as input, the model generates a separate forecast for each ensemble member. To

create a deterministic forecast for benchmarking, a hydrograph is constructed from the median (50th percentile) of all ensemble185

members.

In addition to raw simulations, the operational model provides autocorrected forecasts by applying an autoregressive error-

correction model (Broersen and Weerts, 2005), which corrects forecast values based on residuals between past observed and

simulated values using observed meteorology over a 192-hour window before forecast initialization. Each catchment is individ-
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ually calibrated using observed meteorological input data for the period 1 October 2011 to 30 September 2019. The calibration190

objective was the mean Nash-Sutcliffe Efficiency (NSE) between simulated and observed flows. As a result, comparisons are

inherently favorable to the operational model, representing a conservative benchmark for evaluating deep learning performance.

2.4 Experiments

To address the two objectives outlined in the introduction, we designed two experiments to evaluate (i) the performance of

the deep learning model relative to the operational process-based forecasting system and (ii) the potential of combining both195

modelling paradigms in a hybrid forecasting approach.

2.4.1 Exp. DL – Benchmarking data-driven against process-based forecasts

The first experiment benchmarks the performance of the deep learning approach against the operational forecasting system.

The data-driven model uses the following inputs:

– Hindcast: catchment-aggregated precipitation and temperature as well as observed streamflow,200

– Forecast: forecasted precipitation and temperature from ECMWF HRES and ENS,

– Static attributes: approximately 30 catchment descriptors, including hydrologic, climatic, land use, topographic, and

geological variables.

2.4.2 Exp. Hybrid – Combining data-driven and process-based forecasts

In the second experiment, we explore a hybrid forecasting approach that combines data-driven and process-based modelling205

by adding the operational forecasts as input to the deep learning model. Alongside the inputs used in Exp. DL, the forecast

LSTM additionally receives:

– Autocorrected streamflow forecasts from the operational HydPy-H model.

In principle, if the LSTM were to adopt the operational forecast directly, it would match the benchmark, while still having the

potential to learn improvements from the additional inputs. Hereafter, the purely data-driven setup is referred to as DL, while210

the hybrid configuration incorporating operational process-based forecasts is denoted Hybrid.

2.5 Metrics

The performances of the models are evaluated using a comprehensive set of metrics that capture different aspects of predictive

skill. As primary efficiency measures, we use the Nash-Sutcliffe Efficiency (Nash and Sutcliffe, 1970), the NSE computed on

logarithmically transformed discharge (log-NSE), and the Kling-Gupta Efficiency (KGE, Gupta et al., 2009). To assess bias215

components explicitly, we further include the α-NSE and β-NSE decompositions proposed by Gupta et al. (2009), together

with the β-KGE term.
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While these metrics assess performance over the full time series, hydrological applications often require an evaluation of

specific discharge regimes. Therefore, we additionally compute three signatures derived from the flow duration curve (FDC)

following Yilmaz et al. (2008):220

– the bias in high flows, represented by the 2 % exceedance flow or peak-flow bias (FHV),

– the bias in the slope of the middle section of the FDC (FMS),

– the bias in low flows, quantified using the bottom 30 % of the FDC (FLV).

Probabilistic forecast performance is assessed using the Continuous Ranked Probability Score (CRPS; Hersbach, 2000) and

its associated skill score (CRPSS), which quantifies improvement relative to the operational forecasting system. Moreover,225

forecast calibration and reliability are examined using probability integral transform (PIT) histograms (Dawid, 1984; Diebold

et al., 1997; Gneiting et al., 2007).

Together, these metrics offer a comprehensive evaluation framework, capturing overall model skill, regime-specific perfor-

mance, and the reliability and accuracy of probabilistic forecasts. All metrics are reported solely for the test period.

2.6 Software230

All analyses in this study were conducted using open-source software. The experiments were implemented in Python 3.11

(Van Rossum and Drake Jr, 1995). Data preprocessing and management were carried out using the scientific Python libraries

NumPy (Harris et al., 2020), Pandas (Wes McKinney, 2010), and Xarray (Hoyer and Hamman, 2017), which provide effi-

cient tools for numerical computation, tabular data handling, and labeled multi-dimensional arrays, respectively. Metrics were

calculated using NeuralHydrology (Kratzert et al., 2022), while CRPS was computed using properscoring (Barrett et al., 2015).235

The LSTM architecture used in this study is based on the model introduced by Nearing et al. (2024), which has been in-

corporated into the NeuralHydrology code base (Kratzert et al., 2022). While the underlying architecture remains consistent

with their implementation, we developed a customized data processing and sequencing pipeline that accepts actual forecasts

as inputs. This modification allows the model to make multi-day forecasts instead of only nowcasts. Using the setup described

herein, the deep learning model takes approximately 24 hours to train and evaluate on a single NVIDIA-A100 graphics process-240

ing unit. All figures were generated using Matplotlib (Hunter, 2007) and seaborn (Waskom, 2021). To improve accessibility

for readers with colour vision deficiencies, we employed scientifically designed colour maps (Crameri et al., 2020).

3 Results

We first illustrate the forecasting behavior and uncertainty characteristics of the models using a representative basin and hy-

drological year. Building on this example, we quantify forecast performance and reliability per lead time before extending the245

analysis to all basins and evaluation years to assess the model’s robustness and ability to generalize across basins. Lead time is

expressed as the number of days after the prediction date, with day 1 corresponding to the first 24-hour forecast and day 10 to
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forecasts 10 days ahead. While the main figures display NSE and log-NSE, KGE was evaluated analogously and is discussed

where relevant. An overview of model performance across all basins, evaluation years, and lead times is summarized in Table 2.

Table 2. Overview of key performance metrics for all models, averaged across all basins and lead times. Median values are reported for each

metric.

NSEa log-NSEb KGEc α-NSEd β-NSEe β-KGEf FHVg FMSh FLVi

Model

HydPy-H 0.765 0.851 0.725 0.777 -0.063 0.926 -25.328 -6.392 -156.980

LSTM DL 0.765 0.893 0.760 0.821 -0.063 0.923 -22.482 -2.264 22.078

LSTM Hybrid 0.781 0.899 0.779 0.834 -0.062 0.929 -20.157 -2.947 22.004

a Nash-Sutcliffe Efficiency (−∞,1], values closer to 1 are desirable. b NSE computed on logarithmically transformed discharge (−∞,1], values

closer to 1 are desirable. c Kling-Gupta Efficiency (−∞,1], values closer to 1 are desirable. d α-NSE decomposition (0,∞), values close to 1 are

desirable. e β-NSE decomposition (−∞,∞), values close to 0 are desirable. f β-KGE decomposition (0,∞), values close to 1 are desirable. g

Top 2% peak flow bias (−∞,∞), values close to 0 are desirable. h 30% low flow bias (−∞,∞), values close to 0 are desirable. i Bias of FDC

mid-segment slope, (−∞,∞), values close to 0 are desirable.

3.1 Illustrative discharge forecasts for a representative basin250

In this section, we analyze discharge forecasts for gauge Kalkofen in the Lahn basin (5,304 km2) for the hydrological year

1 November 2019–31 October 2020.

Figure 4 presents probabilistic forecasts from the deep learning model and the operational forecasting system. For both

systems, median forecasts and prediction intervals are derived from the respective ensembles and shown for lead times of 1, 5,

and 10 days. As expected, forecast skill decreases and predictive uncertainty increases with lead time.255

Deterministic forecast performance is evaluated using NSE, log-NSE, and KGE at each lead time, computed from the

median forecast. The results (Fig. 5) indicate that the deep learning model achieves higher skill for most lead times, whereas

the operational system performs better at short lead times (1–2 days).

We subsequently assess probabilistic calibration and reliability using PIT histograms. Figure 6 reveals pronounced dif-

ferences between the two systems. The operational model exhibits a strongly U-shaped PIT distribution across lead times,260

indicating that the model is overconfident and consistently underestimates the true uncertainty of the forecasts. In contrast,

the deep learning model produces PIT distributions that are considerably closer to uniform, suggesting improved probabilistic

calibration and more reliable forecasts.

12

https://doi.org/10.5194/egusphere-2026-4476
Preprint. Discussion started: 10 September 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 4. Comparison of probabilistic discharge forecasts from (a) the deep learning model (Exp. DL) and (b) the operational forecasting

system at gauge Kalkofen in the Lahn basin for one hydrological year (November 2019–October 2020). Forecasts are shown for lead times

of 1, 5, and 10 days. Shaded bands indicate prediction intervals (PI, 5–95%, 10–90%, and 25–75%), illustrating forecast uncertainty. For the

deep learning model, they are derived from pooling five independent model runs (N=500), and for the operational forecast, from aggregating

ensemble members (N=51). Forecast performance decreases and predictive uncertainty increases with increasing lead time.

3.2 Exp. DL – Benchmarking data-driven against process-based forecasts

3.2.1 Overview265

Figure 7 illustrates lead-time-aggregated performance differences between the deep learning model and the operational fore-

casting system across 52 gauges in the Rhine basin over all evaluation years. Positive values indicate higher skill of the deep

learning model.

For overall hydrological performance, NSE indicates that the deep learning model generally performs worse, with only 18

gauges (35 %) showing equal or improved skill. By contrast, KGE – another metric for overall hydrological performance,270

which accounts for correlation, bias, and variability – shows improvement at 32 gauges (62 %). For low flows, evaluated using

log-NSE, the deep learning model consistently outperforms the benchmark at all gauges.
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Figure 5. Performance comparison of the deep learning model (Exp. DL) and the operational forecasting model at gauge Kalkofen in the

Lahn basin for the hydrological year November 2019–October 2020. Forecast skill of discharge predictions is compared per lead time using

NSE, log-NSE, and KGE. The deep learning model shows higher skill than the operational model for most lead times across all metrics,

while the operational model performs better at lead times of 1 to 2 days.

Figure 6. Three dimensional probability integral transform (PIT) histograms for (a) the deep learning model (Exp. DL) and (b) the operational

forecasting model at gauge Kalkofen in the Lahn basin for the hydrological year November 2019–October 2020. The PIT distribution

highlights differences in probabilistic calibration and forecast reliability across lead times. For a perfectly calibrated forecast, the PIT values

are uniformly distributed, corresponding to a relative frequency of 0.1 in each bin.

3.2.2 Key metrics

In Fig. 8 we present cumulative density functions (CDFs) for various evaluation metrics. Metrics are aggregated over all lead

times, and CDFs are smoothed using kernel density estimation solely to aid visual interpretation.275
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Figure 7. Overview of performance differences between the deep learning model (Exp. DL) and the operational forecasting system across 52

gauges in the Rhine basin. Differences are shown for (a) NSE and (b) log-NSE and are computed from discharge forecasts over 2017–2024,

aggregated across all lead times. Positive values indicate higher skill of the deep learning model. Improvements are consistently observed for

log-NSE, whereas differences in NSE vary, with both positive and negative values.

Both the deep learning model and the operational system show generally high skill across all gauges. For NSE and KGE, both

models perform comparably, with median NSE of 0.765 and median KGE of 0.760 (deep learning) and 0.725 (operational).

Differences are more pronounced for log-NSE. The deep learning model achieves higher median log-NSE (0.893 vs. 0.851),

and no gauge falls below 0.8, whereas nine gauges (17 %) do so for the operational system.

Looking at the decomposition of NSE and KGE, the deep learning model better captures flow variability, though the model280

still underestimates variability (α-NSE). Both models tend to underestimate discharge as captured by β-NSE and β-KGE.

Metrics derived from the flow duration curve indicate that the deep learning model better represents low- and normal-flow

conditions (FLV and FMS). In contrast, improvements for high-flow conditions, quantified by FHV, are limited, with both

models showing similar performance in representing peak flows.

3.2.3 Forecast skill across lead times285

Analyzing forecast performance by lead time provides a more detailed picture. Figure 9 summarizes basin-wise skill differences

between the deep learning model and the operational forecast system. The ridge plot illustrates the distribution of model skill

differences. Positive values indicate higher skill of the deep learning model.

Although the overall NSE indicates that the deep learning model outperforms the operational system in only 35 % of basins,

a lead-time-resolved perspective reveals important deviations. At a 1-day lead time, nearly all basins (except three, 6 %) show290

reduced skill, whereas from lead time 2 onward, between 50 % and 75 % of basins show improved performance.
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Figure 8. Cumulative density functions of key metrics for the deep learning model (Exp. DL) and the operational forecasting system across

all 52 gauges. For each basin metrics are computed from discharge forecasts over 2017–2024, aggregated across all lead times. Curves are

smoothed using a kernel density estimate. The deep learning model performs comparably to or better than the operational forecast system.

In contrast, the lead-time-aggregated log-NSE suggests improved performance at all gauges, while a lead-time-specific

analysis highlights more mixed behavior at a 1-day lead time, where improvements are observed at only 29 gauges (56 %).

From lead time 2 onward, the results again align with the overall assessment, with almost all basins exhibiting higher skill.

Importantly, beyond a lead time of 4 days, the deep learning model reaches skill levels that the operational system attains only295

at substantially shorter lead times. In practice, this corresponds to a shift of approximately 2 forecast days – for example, the

9-day log-NSE matches or exceeds the operational model’s 7-day performance.

Like NSE, KGE exhibits reduced forecast skill at 1-day lead time for almost all basins. From lead time 4 onward, most

basins show pronounced improvements, effectively shifting the forecast skill by 1–2 days. This behavior mirrors that of log-

NSE, confirming consistent gains of the deep learning model at extended horizons.300

3.3 Exp. Hybrid – Combining data-driven and process-based forecasts

Next, we assess the impact of combining data-driven and process-based forecast paradigms by adding the operational forecasts

as input to the deep learning model. Performance is compared to both the operational benchmark and Exp. DL.
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Figure 9. Lead-time-dependent skill comparison between Exp. DL and the benchmark model for (a) NSE and (b) log-NSE. Metrics are

computed per basin from discharge forecasts over all evaluation years. Boxplots summarize the distribution of skill, while ridge plots show

smoothed distributions of model skill differences using kernel density estimates. Positive values indicate higher skill of the deep learning

model.

3.3.1 Overview

Using the same diagnostics as in the first experiment, we assess the model’s ability to generalizes across the Rhine Basin.305

Figure 10 shows that the hybrid model outperforms the operational forecasting system at the majority of gauges, with higher

NSE at 45 stations (87 %). This represents a clear improvement over Exp. DL, where only 18 gauges (35 %) exhibited improved

or equivalent NSE. As in Exp. DL, log-NSE increases at all stations. Improvements in KGE are less pronounced but remain

consistent with this overall trend. In total, 37 gauges (71 %) show higher KGE values than the operational forecast, compared

to 32 gauges (62 %) in Exp. DL.310

3.3.2 Key metrics

In Fig. 11 we again evaluate CDFs for various evaluation metrics. For comparison results from Exp. DL are additionally shown.

Relative to the operational forecasting system, the hybrid model shows improved skill across most metrics. Median NSE

and KGE increase to 0.781 and 0.779, respectively, compared to 0.765 and 0.725 for the operational system. Log-NSE remains

high, with all gauges being above 0.8 and a median value of 0.899, representing a clear improvement over the operational315

system (0.851). Compared to Exp. DL, these results indicate consistent gains in NSE and KGE, with a modest improvement in

log-NSE.
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Figure 10. Overview of performance differences in the Rhine basin between the deep learning model (Exp. Hybrid) and the operational

forecasting model across all basins for (a) NSE and (b) log-NSE. Metric differences are computed from discharge forecasts over all evaluation

years and aggregated across all lead times. Positive values indicate higher skill of the deep learning model. Improvements are consistently

observed for log-NSE across all basins. Similarly so for NSE, however a few have decreased skill.

Decomposition of NSE and KGE indicates that bias and flow variability remain largely unchanged by incorporating the

operational forecasts as inputs. Similar to Exp. DL, both models tend to underestimate discharge. The hybrid model appears to

capture flow variability slightly better relative to Exp. DL.320

Regime-specific performance shows improved low- and normal-flow representation, consistent with Exp. DL, and now

additionally exhibits a small improvement in peak flows.

3.3.3 Forecast skill across lead times

Skill differences across lead times for the hybrid model are summarized in Fig. 12.

Similar to the first experiment, NSE exhibits a drop in skill at a 1-day lead time, with only 28 gauges (54 %) showing im-325

proved performance, compared to 45 gauges (87 %) overall. From lead time 2 onward, however, the hybrid model demonstrates

clear gains, with over 80 % of basins exhibiting higher skill.

For log-NSE, improvements are consistently observed across all lead times. In contrast to Exp. DL, this includes the 1-day

lead time, where almost all basins show higher skill. Consistent with Exp. DL, starting from a 4-day lead time, the hybrid model

attains skill levels that the operational system reaches only at substantially shorter lead times, corresponding to an effective330

gain of about 2 forecast days.

Compared to Exp. DL, for both metrics the hybrid model approach leads to improved performance across all lead times,

with the largest gains at the 1-day lead time. The improvement gradually decreases with increasing lead time, suggesting that
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Figure 11. Cumulative distribution functions of key metrics comparing Exp. Hybrid to the benchmark model. Metrics are computed per

basin from discharge forecasts across all evaluation years and aggregated over all lead times. Curves are smoothed using a kernel density

estimate. Results from Exp. DL are shown for comparison. The hybrid LSTM model generally outperforms the benchmark model.

the additional information from operational forecasts is most valuable at shorter horizons. Improvements in log-NSE are more

modest but consistent across all lead times.335

KGE shows a pattern consistent with Exp. DL, with reduced skill at 1-day lead time and clear improvements at longer

horizons. As before, these gains correspond to an effective shift of roughly 1 to 2 forecast days.

3.3.4 Spatial distribution

No obvious spatial pattern emerges in Fig. 7 and 10. However, plotting performance differences against basin area highlights

that the relative improvements decline with increasing basin size, with smaller basins showing the most pronounced improve-340

ments. In other words, the greatest gains occur in small basins, even though absolute performance remains highest in the largest

basins.

3.4 Probabilistic evaluation

So far, we have focused on the deterministic performance of the models and have not yet considered their probabilistic skill.

To address this, we evaluate the Continuous Ranked Probability Skill Score (CRPSS) of the deep learning models relative to345

the operational forecast system. Positive CRPSS values indicate higher accuracy of the deep learning model.
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Figure 12. Lead-time-dependent skill comparison between Exp. Hybrid and the benchmark model for (a) NSE and (b) log-NSE. Metrics are

computed per basin from discharge forecasts over all evaluation years. Boxplots summarize the distribution of skill, while ridge plots show

smoothed distributions of model skill differences using kernel density estimates. Positive values indicate higher skill of the deep learning

model.

Figure 13 shows a clear improvement in probabilistic forecast accuracy across most basins. The median CRPSS improvement

amounts to approximately 11 % for Exp. DL and 16 % for Exp. Hybrid.

A more differentiated picture across lead times is provided in Fig. 14. For Exp. Hybrid, improvements in CRPSS are largest at

short lead times, with a median increase in accuracy of around 30 %. The magnitude of these improvements steadily decreases350

as lead time increases. Exp. DL shows a comparable decline in CRPSS with increasing lead time, starting from a lead time of

2 days. At a lead time of 1 day, however, Exp. DL deviates from this general pattern, exhibiting markedly weaker performance,

with positive skill gains observed for only 27 gauges (52 %). Nevertheless, even at the longest lead times, probabilistic accuracy

is improved at 63 % and 88 % of the basins for Exp. DL and Exp. Hybrid, respectively.

4 Discussion355

Despite the recent success of deep learning in hydrological modelling (Kratzert et al., 2018; Nearing et al., 2024), major hy-

drological institutions continue to rely predominantly on established process-based systems. This study demonstrates that deep

learning-based forecasting can effectively complement these systems in a regional, real-world context, providing more accurate

and reliable forecasts. Importantly, the purely data-driven LSTM model achieves forecast skill that is comparable to, and in

many cases exceeds, that of the operational system. These results are consistent with previous studies (Kratzert et al., 2019b;360

Nearing et al., 2024; Feng et al., 2020; Loritz et al., 2024; Lees et al., 2021). The hybrid model, which incorporates operational
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Figure 13. Overview of the probabilistic forecast performance of the deep learning models, Exp. DL (a) and Exp. Hybrid (b), relative to the

operational forecasting system across all 52 gagues. The Continuous Ranked Probability Skill Score quantifies improvements relative to the

operational benchmark. Scores are computed from discharge forecasts over all evaluation years and aggregated across all lead times. Both

experiments show improved CRPSS at the majority of gauges.

Figure 14. Lead-time-dependent probabilistic forecast performance of the deep learning models, Exp. DL (a) and Exp. Hybrid (b), relative

to the operational forecasting system. The Continuous Ranked Probability Skill Score quantifies improvements relative to the operational

benchmark. Scores are computed from discharge forecasts over all evaluation years. The ridge plots show smoothed distributions using kernel

density estimates.

process-based forecasts as inputs, further improves the overall forecast skill, consistently outperforming the operational model

across the majority of catchments and lead times.

A consistent pattern emerges across both experimental setups. At short lead times, particularly at 1 day ahead, the op-

erational system proves difficult to outperform in terms of deterministic skill. The purely data-driven deep learning model365

generally performs worse, and even the hybrid approach provides only modest improvements. This behavior likely reflects the
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autoregressive structure of the operational model, which tightly anchors forecasts to the most recent discharge observations. As

a consequence, short-term forecasts are sharp but underdispersed, indicating that reliability is sacrificed for accuracy. In con-

trast, the deep learning-based forecasts provide a more reliable representation of uncertainty, with probabilistic performance

improving most noticeably at short lead times. In contrast, for longer lead times the deep learning models consistently out-370

perform the operational system. Improvements are most pronounced for low flows, where the models reach skill levels that

the operational system attains only at substantially shorter lead times, corresponding to an effective gain of approximately 2

forecast days. Overall model performance, as measured by KGE, shows a similar extension of the effective forecast horizon

by roughly 1–2 days. This indicates that the deep learning approach reduces the rate at which predictive skill deteriorates with

lead time. Improvements in NSE are more moderate, which may, on one hand, reflect the fact that the operational model is375

explicitly calibrated to maximize mean NSE. On the other hand, the comparatively larger gains in KGE suggest that the deep

learning model provides a more balanced representation of correlation, variability, and bias. Beyond deterministic skill, the

deep learning models produce markedly more reliable and accurate probabilistic forecasts. The PIT analysis indicates substan-

tially improved calibration across forecast horizons, demonstrating that uncertainty is represented more consistently than in the

operational system.380

Importantly, the deep learning approach not only improves forecast skill but also addresses key structural limitations of

traditional hydrological models, namely regionalization and intrinsic uncertainty estimation. By learning distributional pa-

rameters directly from input data, the model eliminates the need for ensemble-based strategies to estimate uncertainty (Klotz

et al., 2022). Despite being trained as a single regional model across all basins, it achieves strong performance at individual

catchments. In many cases, it even outperforms operational predictions, which are calibrated separately for each basin. This385

supports the growing body of evidence that deep learning models fundamentally benefit from regional training and can miti-

gate long-standing challenges related to parameter transfer and defining catchment similarities (Kratzert et al., 2024; Guo et al.,

2021).

The hybrid approach achieves the best overall performance. Compared to the purely data-driven model, this integration

particularly enhances predictions at short and intermediate lead times. This highlights the complementary strengths of the390

two approaches: the operational system captures short-term autoregressive dynamics, while the deep learning model improves

generalization over longer horizons. In essence, our hybrid approach can be interpreted as a post-processing strategy. Our

findings are partly in contrast with Frame et al. (2021), where LSTM post-processors did neither consistently nor significantly

outperform purely data-driven approaches. Differences in results may be attributed to model architecture, research area, basin

coverage, forecast horizon, and evaluation strategy. More sophisticated methods exist to combine process-based and data-395

driven approaches, such as adding physical constraints into the deep learning model structure (Hoedt et al., 2021). However, all

attempts to add physics to (properly trained) streamflow LSTM models in hydrology have produced lower-performing models

(Kratzert et al., 2024). Moreover, their implementation can be technically complex. Given the persistent barriers highlighted

in the introduction, a simple approach that allows both models to run in parallel while retaining access to the process-based

forecast may offer practical advantages. For instance, physics-based models provide a consistent fallback and serve as a plausi-400
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bility check in cases where deep learning models fail due to unforeseen events not represented in the training data. In addition,

parallel operation helps forecasters build trust in data-driven predictions.

Several limitations of our study should be acknowledged. First, the modelling framework is lumped, aggregating meteo-

rological inputs and catchment characteristics over entire basins. This implicitly assumes spatial homogeneity and may limit

performance in larger catchments, where spatial variability in forcing and hydrological response becomes more pronounced.405

The observed decrease in performance gains with increasing basin size supports this interpretation. Second, forecasts are pro-

vided at daily resolution. In operational practice, sub-daily predictions, particularly hourly forecasts, are highly relevant for

both flood and low-flow management. Extending LSTM models to hourly resolution substantially increases computational de-

mand (Acuña Espinoza et al., 2025), and recurrent architectures can struggle with very long sequences (Zhang and You, 2020;

Zhao et al., 2020). Multi-frequency approaches (Acuña Espinoza et al., 2025), which process older inputs at coarser temporal410

resolution, may provide a promising pathway to overcome these constraints. Third, the framework is inherently restricted to

gauged basins. Because observed discharge and operational forecasts are used as inputs, the approach cannot be directly trans-

ferred to ungauged catchments. While a purely data-driven configuration could exclude discharge observations, our hybrid

setup fundamentally relies on operational forecasts. Consequently, this constraint substantially limits its broader applicability,

given that only a small fraction of the world’s river basins are equipped with discharge gauges (Nearing et al., 2024)415

5 Conclusion

Overall, the results demonstrate that deep learning can enhance even well-established, state-of-the-art operational hydrological

forecasts. The model extends the effective forecast horizon and improves the reliability of probabilistic predictions without

compromising short-term forecast performance. At the same time, it addresses two longstanding limitations of traditional

hydrological models: regionalization and uncertainty estimation. These findings highlight the relevance of deep learning not420

only for developing new forecasting frameworks, but also for enhancing existing operational systems.

The hybrid model demonstrates that the integration of deep learning does not necessarily require a choice between data-

driven and process-based modelling. Instead, the combination of both approaches makes use of their complementary strengths.

Given the persistent challenges associated with the operational adoption of data-driven models, a parallel implementation of

traditional and deep learning methods may offer important practical advantages. Physics-based models can provide a reliable425

fallback and serve as a plausibility check when deep learning models encounter unforeseen events or conditions that are

not sufficiently represented in the training data. At the same time, operating both models in parallel allows forecasters to

gradually build trust in data-driven predictions. Rather than replacing established systems, hybrid approaches therefore provide

a pragmatic pathway for integrating deep learning into operational practice, bridging the gap between research advances and

real-world decision support.430

Furthermore, the results indicate that the model proposed by Nearing et al. (2024), originally developed and evaluated for

global floods in ungauged basins, can be successfully applied to gauged basins at a regional scale. Its applicability also extends

beyond flood forecasting, showing substantial potential for improving the prediction of low-flow conditions.
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From an operational perspective, the improvements in low-flow forecasting are particularly relevant for navigation on the

Rhine, where low-flow conditions represent the most frequent and economically significant constraint on inland waterway435

transport (Klein and Meißner, 2016). More accurate and better-calibrated probabilistic forecasts support improved planning

for navigation, water management, and recreational use, thereby contributing to more efficient inland waterway transport and

reduced emissions through optimized operations.
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