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Abstract

Accurate sub-seasonal streamflow forecasts are essential for hydrological drought preparedness
in large river basins with competing water demands. Traditional process-based hydrological
models often struggle to represent non-linear, non-stationary catchment behavior under changing
climate and land-use conditions. In this study, we develop Long Short-Term Memory (LSTM)
networks to improve sub-seasonal streamflow forecasting in the Rhine River Basin, focusing on
low-flow conditions at the Lobith outlet in the Netherlands. We evaluate several univariate and
multivariate LSTM configurations that ingest combinations of streamflow from multiple
upstream gauges and basin-average precipitation and temperature derived from GRDC and
ERAS data. Models are trained to predict daily discharge, weekly averages, and weekly
minimum flows for lead times of 1-20 days and 1-4 weeks, and forecast skill is assessed using
the Nash—Sutcliffe efficiency (NSE) and mean absolute percentage error (MAPE) relative to
climatological benchmarks. The best multivariate LSTM model achieves NSE values up to 0.99
at short lead times and substantially reduces MAPE compared with climatology, particularly for
drought-relevant low-flow metrics, while predictive skill gradually declines as the forecast
horizon increases. These results highlight the potential of deep learning to enhance sub-seasonal
low-flow forecasting and support early-warning systems for hydrological drought risk
management in large European river basins.

Keywords: Deep learning, sub-seasonal forecasting, streamflow prediction, low-flow conditions,
hydrological drought, Rhine River Basin, ERAS reanalysis.

Introduction

Drought is a prolonged period of below-average precipitation or water availability in a particular
region, leading to water scarcity and adverse impacts on ecosystems, agriculture, water supplies,
and other components of human and natural systems [1]. Among the various types of droughts,



hydrological droughts are characterized by sustained reductions in streamflow and groundwater
levels resulting from persistent precipitation deficits [2]. Consequently, streamflow serves as a
vital indicator of hydrological drought and is integral to maintaining ecosystem health and
supporting human livelihoods. Accurate prediction of streamflow is crucial for effective water
resources management, the development of early-warning systems, and the mitigation of
drought-related risks, particularly in the context of increasing climate variability.

Historically, streamflow forecasting has predominantly relied on process-based hydrological
models that simulate watershed dynamics through physical equations and conceptual parameters.
Despite substantial advances, such models frequently encounter challenges in accurately
representing the non-linear and non-stationary behavior of hydrological systems under evolving
climatic and land-use conditions [7]. Issues such as parameter uncertainty, structural limitations,
and the complexity of representing heterogeneous catchment processes can reduce predictive
accuracy, especially during extremes. Ensemble forecasting methodologies have been introduced
to address predictive uncertainty, but they often require substantial computational resources and
involve intricate probabilistic evaluations, which may constrain their operational applicability [8-
9].

In recent years, machine-learning (ML) techniques have emerged as powerful alternatives for
hydrological forecasting. These data-driven approaches can capture hidden patterns and
non-linear relationships between meteorological variables and streamflow without requiring
explicit knowledge of the underlying physical processes [12;11;10;14]. Among them, Long
Short-Term Memory (LSTM) networks, a variant of recurrent neural networks introduced to
overcome vanishing and exploding gradient problems [15], have demonstrated particular
proficiency in modelling long-term temporal dependencies in hydrological time series.
Numerous studies [12,16—18] have shown that LSTM models can outperform traditional
hydrological and statistical models in simulating complex rainfall-runoff dynamics across
diverse catchments and temporal scales.

However, several important gaps remain. First, many existing LSTM applications in hydrology
have focused on daily or event-based flows, with limited emphasis on sub-seasonal lead times
that are particularly relevant for hydrological drought preparedness. Second, low-flow and
minimum-flow conditions, which directly affect navigation, water supply, and ecological
integrity, have received less attention than peak flows in the deep-learning literature. Third, the
integration of multi-gauge discharge records with basin-scale meteorological forcings from
modern reanalysis products, such as ERAS, for sub-seasonal low-flow prediction in large
European river basins has not yet been comprehensively explored.

The Rhine River is one of Europe’s most important rivers, supporting navigation, industry,
agriculture, and ecosystems across several countries [3]. Its lower reach at Lobith, on the Dutch
German border, is a key control point for water allocation and drought management in the
downstream delta. Recent low-flow events have highlighted the vulnerability of navigation and
water-supply sectors to prolonged reductions in discharge, underscoring the need for more
skillful sub-seasonal forecasts of low-flow conditions [3-4]. Developing robust data-driven
forecasting tools for the Rhine therefore has both scientific and practical relevance.



Building upon this background, the present study aims to enhance medium-range, sub-seasonal
streamflow prediction for the Rhine River, with lead times extending up to one month, with a
particular focus on hydrological drought conditions at the Lobith outlet. Specifically, we
examine both univariate (streamflow-only) and multivariate (streamflow combined with
meteorological predictors such as precipitation and temperature) LSTM input configurations to
evaluate how varying temporal resolutions (daily and weekly) impact model performance. By
employing stacked LSTM architectures with optimized hyperparameters, we seek to improve
low-flow forecasting accuracy and to assess the operational applicability of data-driven models
for hydrological drought monitoring in a large European river basin.

This study extends previous work on low-flow prediction in the Rhine and on LSTM-based
hydrological forecasting in three ways. First, it targets sub-seasonal lead times up to one month,
explicitly focusing on both daily and weekly minimum flows that are directly relevant for
hydrological drought management. Second, it evaluates multivariate LSTM configurations that
integrate multiple upstream gauge records with basin-average meteorological predictors from
ERAS, thereby exploiting both hydrological routing and meteorological memory. Third, it
systematically compares model performance against climatological benchmarks across multiple
years and lead times, with emphasis on low-flow conditions, to identify practically useful
forecast horizons and remaining limitations.

Materials and methods
Study area and data

The Rhine River is a major European waterway that connects industrial regions to global markets
via the Port of Rotterdam. The river extends from alpine headwaters at elevations of up to 4000
m to approximately 6 m below sea level in the Netherlands, with a total length of about 1233 km
and a drainage area of roughly 185,000 km? supporting nearly 60 million inhabitants [2]. In its
main course, the Rhine flows from Switzerland through Germany, enters the Netherlands at
Lobith, and ultimately discharges into the North Sea.

The hydrological regime of the Rhine Basin is shaped by a temperate climate with strong intra-
and interannual variability, making the basin susceptible to both floods and prolonged low-flow
conditions [4]. In the Rhine Delta, monthly mean discharges below approximately 1100 m? s™!
are considered hydrological droughts and can lead to substantial economic impacts on navigation
and water supply [5].

To capture the hydroclimatic controls on streamflow, this study primarily used streamflow
observations from major Rhine main-stem gauges. Long historical records are available at Basel
and Maxau in the Upper Rhine, Kaub and Worms in the Middle Rhine, and Lobith and Kolen in
the Lower Rhine (Figure 1). Streamflow data were obtained from the Global Runoff Data Centre
(GRDC), with daily records covering 1980-2021 for Lobith and 1980-2018 for Basel and the
other upstream gauges (Table 1).
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Figure 1 Map of the Rhine River catchment and the Netherlands
Research framework

We designed a four-step workflow to develop and evaluate LSTM-based sub-seasonal
streamflow forecasts at the Lobith outlet:

Data selection and preprocessing: - compilation and quality control of streamflow and
meteorological datasets, feature selection, and temporal standardization.

Model development and training: - design of LSTM architecture, hyperparameter tuning, and
training with early stopping.

Model testing: - out-of-sample performance assessment for different lead times and temporal
resolutions.

Performance evaluation and analysis: - comparison with climatological benchmarks and detailed
analysis of low-flow conditions.

The following subsections describe each step in detail.

Data selection and preprocessing



2.3.1. Streamflow data

Daily discharge time series from the main Rhine gauges (Basel, Maxau, Kaub, Worms, Kolen,
and Lobith) were obtained from the GRDC [24]. For each gauge, we selected the longest
continuous period with minimal missing data between 1980 and 2018 (1980-2021 for Lobith).
Minor gaps were infilled using simple linear interpolation, while periods with extensive missing
values were excluded from modelling.

Table 1 Gauge stations for streamflow observations used as inputs for the LSTM model

Gauge station Period Temporal resolution
Lobith 1980-2021 daily
Worm 1980-2019 daily
Maxau 1980-2019 daily
Kolen 1980-2019 daily
Kaulb 1980-2019 daily
Basel 1980-2018 daily

2.3.2. Meteorological data

Meteorological predictors were derived from the ERAS reanalysis produced by the European
Centre for Medium-Range Weather Forecasts (ECMWF). We used 6-hourly total precipitation
and 2 m air temperature fields at 0.25° x 0.25° spatial resolution for 1980-2018 [20]. For each
time step, grid cells intersecting the Rhine Basin were identified and used to compute
basin-average precipitation and temperature time series. This spatial averaging reduces grid-scale
noise and ensures consistency between meteorological forcings, and streamflow observed at the
basin outlet, as recommended by previous studies on ERAS5-driven hydrological modelling [21-
22]. Daily basin-average series were obtained by summing precipitation and averaging
temperature over the 6-hourly records.

2.3.3. Quality control, alignment, and splitting

All-time series were checked for duplicates, formatting errors, and outliers. After quality control,
streamflow and meteorological datasets were temporally aligned to a common daily time axis.
To facilitate sub-seasonal forecasting, daily series were aggregated to weekly averages and
weekly minima, providing predictors and targets at multiple hydrologically meaningful



timescales. The aligned dataset was then split into training (60%), validation (30%), and test
(10%) sets, using contiguous time blocks to preserve temporal dependence.

Normalization

To stabilize training and improve convergence, all input variables were scaled to the [0,1] range
using min—max normalization applied to the training period. For a given variable, the normalized
value Q; was computed from the raw value Q; ,cqa) @S

— (Qi,actual - Qi,min)
(Qf,max - Qf,min)

Q; €]

where Q; min and Q; max denote the minimum and maximum of that variable in the training set.
After prediction, normalized outputs were transformed back to physical units using

Qi,actual = Qi(n)(Qi,max - Qi,min) + Qi,min (2)
ensuring consistency between model outputs and observed streamflow.

LSTM network formulation

Long Short-Term Memory (LSTM) networks are a class of recurrent neural networks
specifically designed to model long-range temporal dependencies while mitigating vanishing and
exploding gradient problems [15]. An LSTM cell maintains an internal memory state ¢, and a
hidden state h;, which are updated at each time step (t) using a set of gating mechanisms [19].
Given an input vector x; and previous hidden and cell states (h;_;’ c;_1), the gates are defined as

fe = U(foxt + Wepheq + bf) (4)

Oy = O-(M/oxxt + Wophe—1 + bo) (5)

where i;, f;, and o, are the input, forget, and output gates, respectively; (W) and (b) denote
trainable weight matrices and bias vectors; and o(-) is the logistic sigmoid activation. The
candidate cell update ¢; and the new cell and hidden states are computed as

= Oc1+i: O (7)



hy = o, © tanh(c,) (8

where tanh (-) is the hyperbolic tangent activation, and (© denotes element-wise multiplication.
The network output y, at time (t) is obtained from the hidden state via a dense (fully connected)
layer.

where W), and b,, are the output weights and bias. In this study, sequences of lagged inputs X =

{%¢_n41, -, x¢} are used to predict streamflow at lead times of up to four weeks. The complete
architecture is illustrated in Figure 1A.

LSTM implementation and hyperparameter tuning

To predict streamflow, we considered sequences of lagged inputs X = (Q¢_p41, ---, Q) for
univariate experiments and X = (Q¢—p41, --» Qt» Pe—ns1s +» Pe» Te—pa1, -, T¢) for multivariate
experiments, where (Q) is streamflow, (P) precipitation, (T) temperature, and (n) is the window
size.

We used stacked LSTM architectures with two hidden layers and a final dense output layer. Key
hyperparameters included the number of units in each LSTM layer, batch size, learning rate,
window size, and number of epochs. Initial ranges for these hyperparameters were selected based
on preliminary experiments and previous hydrological deep-learning studies [12;19;7].
Hyperparameter tuning was performed using the Keras Tuner library with a grid search strategy,
optimizing the mean squared error (MSE) on the validation dataset. The optimized
configurations for univariate and multivariate models are summarized in Table 3. The overall
experimental setup is illustrated in the graphical representation in Figure 2A in Appendix.

Software and computational environment

All models were implemented in Python (version 3.10) using TensorFlow (version 2.15) and
Keras (version 2.15), with hyperparameter tuning performed via Keras Tuner (version 1.4.3).
Training and evaluation were conducted in the Google Colab environment on an NVIDIA T4
GPU with 16 GB of RAM. Random seeds were fixed for NumPy and TensorFlow to enhance
reproducibility and early stopped monitoring the validation loss to prevent overfitting.

2.10. Model training and validation

After standardization and splitting, models were trained on the training set and monitored on the
validation set. Early stopping was configured to halt training when the validation loss (MSE) did
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not improve for 20 consecutive epochs. The best model weights, corresponding to the minimum
validation loss, were retained. The final model performance was evaluated on the independent
test set, which was not used during training or hyperparameter tuning. For each configuration,
we trained the model multiple times with different random seeds and selected the run with the
best validation performance, while also inspecting consistency across runs.

2.11. Experimental configurations

We evaluated a set of single-input single-output (SISO) and multiple-input single-output (MISO)
LSTM configurations at daily and weekly timescales (Table 2). SISO experiments used only
Lobith streamflow as input, whereas MISO experiments combined Lobith with upstream gauges
and/or basin-average precipitation and temperature. Daily models predicted daily discharge or
daily minimum at lead times of 1, 3, 5, 10, 15, and 20 days. Weekly models predicted weekly
averages or weekly minima at lead times of 1-4 weeks. Window sizes of 30 and 365 days (or 4
and 52 weeks) were selected based on autocorrelation and cross-correlation analyses to capture
short-term memory and annual cycle effects.



Table 2 Configuration of the experiments

Input

Temporal

Window

Input types Configuration variables resolution Output variables Leadtime(t) size Data used
SISO  Exp#l Q daily Qt+1 0,3,5,10,15,20 30,365
Univariate SISO  Exp#2 Q Weekly Qt+1 0,1,2,3 4,52 Q Lobith
average > ’ -
SISO Exp#3 Q Weekly Q1 0,123 4,52
minimum
MISO  Exp#l Q daily Qt+1 0,3,5,10,15,20 30 Q _Lobith Q Maxau
MISO  Exp#2 Q daily Qt+1 0,3,5,10,15,20 30 Q_Lobith Q Koln
Multivariate
MISO  Exp#3 Q daily Qt+1 0,3,5,10,15,20 30 All Qi
MISO Exp#d  Q,P,T daily Qt+1 035101520 30365  “lleauges Qi Precipitation
& Temp
MISO  Exp#5 Q.P.T Wgekly Qt+ 0.12.3 4 All gauges Qi, Precipitation
minimum & Temp

*SISO -single input single output

*SIMO -single input multiple output

*MISO-multiple input single output *Exp-Experiment



2.12. Performance metrics

Model performance was evaluated using the mean absolute percentage error (MAPE) and Nash—
Sutcliffe efficiency (NSE), computed between predicted and observed streamflow on the test set.
MAPE is defined as

N

_1 Qi_Qp
MAPE—NZI g X100 (8)

i=1

where (N) is the number of test samples, Q; is the observed streamflow at time (i), and @, is the

corresponding model prediction. Lower MAPE values indicate more accurate predictions.
NSE measures the proportion of the variance in the observations explained by the model and is
defined as

> (0= Q)2

NSE =1 - 21z L
Zl’=1(Qi _Q)Z

)

where Q is the mean observed streamflow over the test period. NSE ranges from —oo to 1, with
values close to 1 indicating high predictive skill, values near 0 indicating performance similar to

the mean of the observations, and negative values indicating performance worse than the mean
[12].



Results and Discussion
Input variables and window sizes that lead to best model

Based on the correlation analysis with a threshold of 50%, basin-average precipitation and
temperature from ERAS emerged as the dominant meteorological predictors for streamflow at
Lobith, alongside upstream discharge from Basel, Maxau, Kaub, Worms, and Kolen. When these
variables were incorporated into the multivariate LSTM configurations, they consistently
improved predictive performance relative to models driven by Lobith streamflow alone.

Autocorrelation analysis of the Lobith discharge series suggested an effective memory of
approximately 30 days, which motivated the use of a 30-day window for daily models.
Cross-correlation analyses between Lobith and upstream gauges, as well as between Lobith and
basin-average precipitation and temperature, indicated that both a 30-day window and a 365-day
window (to capture the annual hydrological cycle) were informative [21]. Consequently, we
evaluated configurations with window sizes of 30 and 365 days (and 4 and 52 weeks for weekly
models) to represent short-term and seasonal memory, respectively

Hyper parameter tuning

The Keras Tuner search identified stacked LSTM architectures with two hidden layers as a good
compromise between flexibility and computational cost. For both univariate and multivariate
models, an LSTM architecture with 64 units in the first layer and 50 units in the second layer,
followed by a dense output node, yielded robust performance (Table 3). Rectified Linear Units
(ReLU) were used as activation functions in the LSTM layers, while the Adam optimizer with a
learning rate of 0.001 was adopted for training.

The optimal batch sizes differed between setups: a batch size of 32 provided stable training for
univariate models, whereas a batch size of 64 improved efficiency and convergence for
multivariate models without degrading accuracy. Early stopping prevented overfitting by halting
training when the validation loss no longer improved, and the final models achieved low training
and validation MSE, indicating that the architectures were well-matched to the complexity of the
forecasting tasks.
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Table 3. Final optimized hyperparameters for univariate and multivariate LSTM models.

Description

Hyperparameter Univariate Multivariate
Model Model
Number of LSTM 2 2
Layers
Hidden Units (Layer 64 /50 64 /50
1/ Layer 2)
Activation Function RelLU RelLU
Optimizer Adam Adam
Learning Rate 0.001 0.001
Batch Size 32 64
Epochs 500 1000
Loss Function Mean Squared  Mean Squared
Error (MSE) Error (MSE)
Input Window Size 30 timesteps 365 timesteps
Output Layer Dense (1) Dense (1)

Two stacked LSTM layers selected after tuning
Optimized configuration identified via Keras Tuner
Rectified Linear Units for nonlinear transformation

Adaptive moment estimation algorithm
Default Adam learning rate used for stable convergence

Smaller batch favored univariate stability; larger for multivariate
efficiency

Early stopping applied to prevent overfitting

Consistent metric for both experiments

Optimal lag-window configuration for each setup

Single-node output for regression prediction
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1.1.Comparison of model prediction performance with
climatology prediction

The predictive performance of the best daily (Exp#4) and weekly minimum (Exp#5) models was
benchmarked against climatological forecasts using the independent test sets. For the daily
configuration, Exp#4 achieved NSE values decreasing from 0.99 at a lead time of 1 day to 0.47
at a lead time of 20 days, indicating that the model captured a substantial portion of the observed
variance even at longer horizons. In contrast, the climatological baseline exhibited an NSE of
only 0.15 over the same period, highlighting its limited skill. MAPE values for Exp#4 were as
low as 4% at a 1-day lead time and increased gradually with lead time, whereas the
climatological predictions had a MAPE of 51.1%, reflecting large systematic errors (Figures 2
and 3).
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Figure 2. Comparison between observed daily discharge and predictions generated by the LSTM
model at various forecast lead times (5, 7, 10, 15, and 20 days), alongside the climatological
baseline. This figure demonstrates the model's proficiency in replicating daily flow variability,
encompassing both high- and low-flow periods, across different prediction horizons.
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Figure 3. Comparison of model performance based on the Nash—Sutcliffe Efficiency (NSE) and
Mean Absolute Percentage Error (MAPE) metrics for daily LSTM predictions at different lead
times (0, 3, 5, 7, 10, 15, and 20 days) and the climatological baseline. The results show that the
NSE values decrease and the MAPE values increase with longer forecast horizons, reflecting a
gradual reduction in predictive accuracy over time.

For the weekly minimum forecasts (Exp#5), the LSTM models also outperformed climatology.
At a 1-week lead time, NSE reached 0.88 with MAPE of 9.68%, while the climatological
benchmark had an NSE of 0.15 and MAPE of 41.6%. At a 2-week lead time, the model retained
reasonable skill, with NSE of 0.63 and MAPE of 17.91%, again substantially better than
climatology. Beyond 2 weeks, NSE values declined and MAPE increased, indicating a
progressive loss of skill with increasing forecast horizon (Figures 4 and 5).

Comparison of weekly minimum prediction with historical average
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Figure 4. Comparison between observed discharge and LSTM model predictions of weekly
minimum flows across different forecast lead times (1-4 weeks), together with the climatological
baseline. The results show that the LSTM model successfully reproduced the timing and
magnitude of low-flow conditions while maintaining coherence with the observed hydrograph
patterns.
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The Taylor diagrams (Figure 6) summarize these differences in terms of correlation coefficient,
standard deviation, and root-mean-square difference relative to observations. In both daily and
weekly minimum experiments, the LSTM predictions cluster closer to the observed reference
point and the reference standard deviation line than the climatological forecasts, confirming their
superior ability to reproduce the magnitude and variability of streamflow across a range of lead
times.
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Figure 6. Taylor diagram illustrates the comparative performance of the best LSTM model
predictions and the climatological baseline. Panel (a) presents the results for the weekly
minimum discharge under Exp#5, and panel (b) shows the results for the daily discharge under
Exp#4. The diagrams summarize the model performance in terms of the correlation coefficient,
standard deviation, and root-mean-square difference relative to the observations. In both cases,
the LSTM models exhibited higher correlation and lower error than the climatological reference,
confirming their improved ability to reproduce observed flow variability across different

temporal scales.

1.2.Low-flow prediction performance

To evaluate performance under hydrological drought conditions, we focused on the lowest 25%
of observed streamflow values and compared the corresponding LSTM predictions and
climatology. For daily minimum low flows aggregated by year, the model achieved positive NSE
values and low MAPE (typically below 5%) at short lead times (0—3 days) across 2015-2018,
indicating good correspondence with observed minima. However, as lead time increased to 5, 7,
15, and 20 days, NSE values decreased markedly and became strongly negative in some years,
while MAPE increased, showing that the model could perform worse than the mean of the

observations at extended horizons (Table 4a).

Table 4 summarizes the NSE and MAPE values for the weekly and daily minimum low flow
predictions from 2015 to 2018.

(a). Daily minimum low-flow prediction metrics (2015-2018)

Lead-time 2015 2016 2017 2018
(days) (NSE) (MAPE (NSE) (MAPE (NSE) (MAPE (NSE) (MAPE
%) %) %) %)
0 0.82 2.3 0.90 3.1 0.86 2.8 0.91 3.2
3 0.74 4.6 0.70 5.4 0.72 4.3 0.88 6.0
5 0.68 7.8 -1.1 10.2 0.61 10.6 —5.8 11.5
7 -1.25 10.5 —800 25.7 —2100 22.8 =15 254
15 -920 58.4 —2600 56.3 —58000 71.9 —80 58.3
20 —-3200 108.6 —-3000 1024 -110000 136.7 —120 105.9

Hist. avg 3400 112.7 -3100 108.1  —135000  220.5 —190 109.8

*0 stands for lead time a day ahead

(b) weekly Minimum Flow Prediction (Aggregated 2015-2018)

Lead time (weekly) NSE MAPE (%)
Week 1 0.96 7.2
Week 2 0.82 9.5
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Week 3 —-0.5 24.1
Week 4 —43.8 38.7
Hist. avg —220 92.4

Weekly minimum low-flow forecasts aggregated over 2015-2018 exhibited a similar pattern.
The LSTM model attained high skill at short lead times (NSE = 0.96 and MAPE = 7.2% at week
I; NSE = 0.82 and MAPE = 9.5% at week 2), but NSE dropped to —0.5 and —43.8 for weeks 3
and 4, respectively, with corresponding MAPE values of 24.1% and 38.7% (Table 4b). These
results indicate that LSTM forecasts add clear value over climatology for low-flows at lead times
up to roughly 1-2 weeks, whereas their utility diminishes substantially at longer horizons.
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Figure 7. Comparison of observed and LSTM-predicted weekly minimum discharges during the
2018 low-flow period, together with the climatological baseline. The figure illustrates that the
LSTM model accurately reproduces both the timing and magnitude of the observed low flows
across different forecast lead times (1-4 weeks). Compared with the climatological prediction,
the LSTM forecasts better captured the decline and recovery patterns of streamflow, highlighting
the model’s capacity to simulate hydrological persistence and improve low flow forecasting for
drought monitoring and sustainable water resource management.
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Time series comparisons for the 2018 low-flow period at Lobith further illustrate these findings.
For weekly minima, the LSTM model reproduced both the timing and magnitude of low-flow
events more accurately than the climatological baseline, capturing the onset, persistence, and
partial recovery of drought conditions across successive weeks (Figure 7). For daily flows, the
model likewise captured the timing and variability of low flows more effectively than
climatology at short lead times, but differences grew as the forecast horizon extended (Figure 8).
Overall, the analysis suggests that LSTM-based forecasts provide actionable low-flow
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Figure 8. Comparison of observed discharge and LSTM-predicted daily flows during the 2018
low-flow period across different forecast lead times (5, 7, 10, 15, 20, and 30 days), along with
the climatological baseline. The figure shows that the LSTM model captures the timing and
variability of the observed low flows more effectively than the climatological prediction,
particularly for shorter lead times. The improved alignment of model predictions with observed
discharge highlights the LSTM’s ability to learn temporal dependencies and enhance short-term
low flow forecasting accuracy, contributing to more reliable drought preparedness and
sustainable water resource planning.

1.3.Limitations and implications for operational use

While the proposed LSTM configurations show promising performance, several limitations must
be acknowledged. First, the reliability of ERAS forcing data remains a significant source of
uncertainty. Reanalysis products can smooth spatial and temporal variability and exhibit
systematic biases in precipitation and temperature, particularly in complex orographic regions
[21;22]. Such biases may propagate non-linearly into streamflow simulations, especially under
low-flow conditions where errors in rainfall or evapotranspiration forcings can have amplified
impacts [23].

Second, the transferability of data-driven models is inherently limited: relationships learned for
the Rhine may not generalize directly to basins with different hydroclimatic or physiographic
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characteristics without careful recalibration or domain adaptation [7]. Third, although the
computational cost of individual LSTM forecasts is low once trained, the development of the
long training runs, extensive hyperparameter tuning, and ensemble experimentation—requires
substantial computational resources, which may constrain real-time operational deployment in
some settings [25].

Despite these limitations, the results demonstrate that LSTM-based models can significantly
improve sub-seasonal low-flow forecasts relative to simple climatological benchmarks,
particularly at lead times of up to 1-2 weeks. In the context of the Rhine River, such forecasts
could support more informed navigation management, water allocation, and drought contingency
planning. Future work should explore bias-corrected or multi-model forcings, domain-adaptable
architectures, and hybrid physics—data approaches to further enhance robustness and
generalization of low-flow forecasting systems.

2. Conclusions and recommendations

This study evaluated stacked Long Short-Term Memory (LSTM) networks for sub-seasonal
streamflow forecasting in the Rhine River Basin, with a focus on hydrological drought
conditions at the Lobith outlet. Using daily discharge from multiple main-stem gauges and
basin-average precipitation and temperature from ERAS, we developed and tested several
univariate and multivariate LSTM configurations at daily and weekly timescales.
Hyperparameter tuning showed that two-layer LSTM architectures with 64 and 50 units,
respectively, provided a good balance between predictive skill and computational cost.

The multivariate configurations that integrated upstream discharge and basin-average
meteorological forcings consistently outperformed univariate models and climatological
benchmarks. For daily forecasts, the best model achieved NSE values close to 1 at a 1-day lead
time and retained positive skill at longer horizons, while substantially reducing MAPE compared
with the historical-average baseline. For weekly minimum low-flow forecasts, the LSTM models
markedly improved NSE and MAPE relative to climatology at 1-2-week lead times,
demonstrating clear added value for drought-relevant metrics. However, forecast skill degraded
substantially at longer lead times, with NSE values becoming negative for some daily and
weekly minimum, indicating that the models can perform worse than the mean of the
observations when the forecast horizon is extended.

Overall, the results indicate that LSTM-based deep learning provides a powerful framework for
sub-seasonal low-flow forecasting in the Rhine, particularly for short lead times of up to about
1-2 weeks. Within this horizon, the models capture the timing and magnitude of low-flow events
more accurately than climatology and can support more proactive navigation management, water
allocation, and drought preparedness in the downstream delta. Beyond this range, forecasts
should be used cautiously and in combination with other sources of information.

Based on these findings, we recommend the following directions for further model development
and application:
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1. Broaden and refine predictor sets. Incorporate additional dynamic predictors (e.g.,
soil-moisture proxies, snow indicators, climate indices) and relevant static
characteristics (e.g., physiographic descriptors) to better represent the processes
controlling low flows.

2. Explore hybrid and comparative approaches. Combine LSTM architectures with other
machine-learning models or process-based hydrological models to exploit
complementary strengths and to benchmark deep-learning performance against
existing Rhine forecasting systems.

3. Investigate sub-basin-scale and transfer learning applications. Extend the framework
to individual Rhine sub-basins and assess the use of transfer learning or
regionalization strategies to improve local skill and generalization to other basins
with similar hydroclimatic regimes.

4. Enhance uncertainty characterization. Develop probabilistic LSTM-based forecasts
(e.g., ensembles, Bayesian or quantile models) to better quantify predictive
uncertainty, particularly for decision-making under low-flow conditions.

5. Integrate with operational products. Systematically compare LSTM-based forecasts
with existing operational Rhine forecasts and evaluate how deep-learning outputs can
be incorporated into current early-warning and river-management workflows.

Implementing these recommendations will help to further improve the robustness,
interpretability, and operational value of LSTM-based sub-seasonal low-flow forecasting for the
Rhine and other large river basins.
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Abbreviations

LSTM Long Short-Term Memory

RNN Recurrent Neural Network

GRDC Global Runoff Data Centre
ECMWF  European Centre for Medium-Range Weather Forecasts
ERAS ECMWF Reanalysis v5

NSE Nash—Sutcliffe Efficiency

MAPE Mean Absolute Percentage Error
SISO Single Input Single Output

SIMO  Single Input Multiple Output
MISO Multiple Input Single Output
S2S  Sub-seasonal to Seasonal

GPU  Graphics Processing Unit
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Figure 2A Graphical representation of the window size and predicted
output with corresponding lead time

In this analysis, Q(t) represents the streamflow at time t, and we

use the vector (Q(t — n), ..., Q(t)) as the input in the subsequent step
to predict the value Q(t+1).
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