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Abstract: This study investigates the prediction of river flows for water resource management, flood and
drought protection and hydropower planning, focusing on the limitations of traditional hydrological
models due to complex data requirements. Machine learning (ML) models offer a solution by capturing
non-linear relationships to improve prediction accuracy. We compare the performance of three data-
driven models: Random Forest (RF), Gradient Boosting (GB), and Seasonal Autoregressive Integrated
Moving Average (SARIMA), with a simple Linear Regression (LR) benchmark for monthly discharge
forecasting at the Bratislava station on the Danube River. RF model performed best, with an MAE of
165.84 and an R? of 0.89. GB achieved moderate results (MAE = 335.15; R?* = 0.60), while SARIMA
performed below average (MAE = 550.78; R? = 0.07). Results are valid within a univariate autoregressive
framework; multivariate extensions incorporating meteorological drivers are recommended for
operational deployment. These results underline the potential of machine learning models, especially RF,
for forecasting monthly river discharge up to 24 months in advance at the Bratislava gauging station on
the Danube River. While these findings are based on a single-station, univariate analysis, they contribute
to the growing body of evidence supporting the use of ensemble machine learning methods in
operational hydrology for large regulated river systems. Transferability to other stations or basins would
require further validation.

Keywords: river discharge forecasting; machine learning models; hydrological prediction; time series
analysis; Danube River

1. Introduction

Predicting actual river discharge is crucial for effective risk assessment, developing flood and
drought protection strategies and establishing early warning systems, hydropower generation,
and irrigation planning (Pham et al., 2021; Rahimzad et al., 2021; Yaseen et al., 2016). Despite
this importance, achieving high predictive accuracy remains challenging in many river basins
worldwide, environmental data such as precipitation, temperature, and evapotranspiration are
still scarce or of uncertain quality, whereas the Bratislava station on the Danube benefits from
one of the longest and most complete discharge records in Central Europe (1901-2020),
together with the access to long-term meteorological observations.
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Traditionally, river discharge prediction has relied on physically based hydrological models that
simulate catchment processes. However, these models often require complex parameterization,
extensive calibration, and high-quality data inputs. Their performance is limited by difficulties in
capturing nonlinear relationships in river systems (Schneider et al., 2024; Yaseen, 2023).

To address these limitations, a data-driven approach that uses only river discharge as the
input variable was adopted in this study. By selecting this approach, reliance was increased
on empirical machine learning (ML) methods that are able to learn directly from observed
patterns (Mehta et al,, 2023). ML algorithms can be dynamically adapted to the new data
and capable of revealing hidden patterns within them (Kumar et al., 2023).

Since the beginning of the 21st century, the application of different ML techniques has
increased exponentially, motivated by the need for accurate, reliable and flexible tools that can
enable hydrological forecasts under the changing climate. Early works utilized artificial neural
networks which are known for their capability to seize nonlinear relationships between
hydrological and meteorological data (Yaseen et al., 2016). In recent years, Deep learn models
(e.g., long-short term memory—LSTM), known for effectively capturing temporal dependencies
in time-series, have been introduced (LesCesen, Tanhapour et al., 2025). Deep learning models
have shown excellent skills in forecasting extreme hydrological events (both floods and droughts;
LescesSen, Pekarova et al, 2025; Rahimzad et al, 20217). In the last couple of years, ensemble
learning methods such as random forest (RF) and gradient boosting (GB) have also shown
reliable results by merging several weak learners to boost prediction accuracy and constancy
(Kilinc et al, 2023). Hybrid approaches which combine ML and physical frameworks are
increasingly being used to utilize the strengths of both modeling methods (Saleh et al., 2024).

Although these models are widely applied, ML approaches have some limitations. First, their
interpretability is frequently lower than that of process-based models, and second, their
performance is usually affected when available data are limited or uncertain (Kedam et al., 2024).
Despite these challenges, they represent a promising path toward scalable, adaptable
hydrological forecasting in the context of climate variability. In addition, multiple studies have
confirmed that ML algorithms, including RF (Ali et al., 2020) and GB (Schoppa et al, 2020;
Talukdar et al., 2023), outperform traditional hydrological models in capturing nonlinear relations
between meteorological and hydrological variables. Time-series methods like the Seasonal
Autoregressive Integrated Moving Average (SARIMA) model are considered a valuable tool for
identifying seasonal and temporal trends in river discharge (Ahmadpour et al., 2023; LeSCeSen,
Pekarova et al., 2025; Zhang et al., 2022) as well. However, all of these statistical approaches rely
heavily on the assumption of data stationarity and may not adequately capture future variability.

The global ML-based literature on hydrological forecasting is vast, but geographically
uneven. The majority of the studies are conducted on river basins in North America (Grenier et
al., 2024; Konapala et al., 2020), East Asia (Wang et al., 2026; Yao et al., 2023), South Australia
(Clark & Jaffrés, 2025; Dikshit et al., 2020), and Western Europe (Defontaine, 2024; Hauswirth et
al., 2021; Khozani et al., 2025), while Central and South-Eastern Europe, particularly large river
systems like Danube, are underrepresented. Given the Danube’s strategic importance for
regional water security, flood management, and navigation, this research aims to address that
gap. The objective of this study is to evaluate the performance of the selected ML models in
forecasting biennial streamflow of the Danube River at the Bratislava gauging station. By
focusing on a data-rich yet underexplored region, this study contributes to a broader
understanding of Al-driven hydrological modeling under climatic and anthropogenic pressures.
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2. Study area, data and methods

2.1. Study area and data

The research was conducted on single hydrological station on the Danube River, Bratislava
station (48.1397°N, 17.1082°E) with the catchment area of 131,338 km? (Halmova et al., 2021;
Figure 1). Database comprises of mean monthly discharge values with no missing data, for
the period 1901-2020, thus making it 1,440 continuous monthly observations. Descriptive
statistics of the discharge data are summarized in Table 1.
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Figure 1. Bratislava gauging location within the Danube River Basin.

Table 1. Descriptive statistics of the mean monthly river discharge (m?/s) at the Bratislava gauging
station on the Danube River for the period 1901-2020
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2.2 Data preprocessing and model setup

Before modeling, a thorough data quality and homogeneity evaluation was conducted to
check that dataset met fundamental assumptions that are necessary for time series
modeling. First, the time series was visually inspected for anomalies or abrupt variance
changes that can be caused by measurements inconsistencies (Figure 2). Next, the statistical
homogeneity was tested by applying two non-parametric tests, the Pettitt test and the
Standard Normal Homogeneity Test (Firat et al, 2011). Both tests detect change points
(if any) and evaluate if the mean of the series remains constant over time. The results of
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these tests have shown that there were no statistically significant change points within the
data series and thus the Bratislava discharge record can be considered homogeneous and
suitable for use in long-term modeling applications. Outlier detection was performed using
the interquartile range method (Wan et al., 2014). In the training set (1901-2004), 12 outliers
were identified, representing 1.2% of the observations. All the identified extreme values were
cross-checked against historical records of major flood and low-flow events. The most
prominent outliers correspond to the well-documented floods in 1965 and 2013. All outliers
were retained in the dataset to preserve natural hydrological variability and avoid artificial
suppression of extreme events.
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Figure 2. Time series of mean monthly discharge (m%/s) at the Bratislava gauging station 1901-2020.

Note. The plot illustrates seasonal and interannual variability, as well as notable high- and low-flow
events, highlighting the long-term hydrological dynamics of the Danube River at this location.

To prepare the dataset for machine learning, discharge values were standardized via z-score
normalization to ensure a zero mean and unit variance. This transformation improves model
convergence and prevents optimization algorithms from being influenced by the original data
magnitudes. Because this study evaluates and forecasts river discharge, a univariate modeling
framework was utilized, where past observations predict future discharge. Excluding
meteorological or external variables (e.g., precipitation, temperature, evapotranspiration)
allowed the models to focus exclusively on the autoregressive structure of the signals. Future
extensions will incorporate exogenous predictors to explore multivariate influences under
climate variability.

The full dataset was divided chronologically into training (80%; 1901-2004) and testing
(20%; 2005-2020) subsets (Farfan-Duran & Cea, 2024; Zhu et al., 2025). To ensure temporal
stability and avoid distributional shifts between periods, key statistical properties of the
training and testing periods were compared. The training period had a mean discharge of
2,042.80 m3/s (SD = 801.43 m?/s, skewness = 1.025), while the testing period had a mean of
2,020.39 m3/s (SD = 71418 m?¥/s, skewness = 1.118). The coefficients of variation were also
similar (39.23% in training vs. 35.35% in testing). Highly comparable summary statistics
confirm the chronological split preserved distributional stability, validating out-of-sample
evaluation and increasing confidence in model performance. To optimize hyperparameters
and prevent overfitting, a five-fold rolling-window cross-validation procedure was executed
using scikit-learn’s TimeSeriesSplit. This approach respects temporal ordering by ensuring
each validation fold strictly succeeds its training fold, preventing future data leakage. Random
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k-fold cross-validation was deliberately avoided, as it violates the sequential nature of
hydrological time series. The objective was to forecast monthly discharge up to 24 months
ahead. For data-driven models (RF, GB, Linear Regression [LR]), a recursive one-step-ahead
prediction framework was formulated. A fixed-length sliding window of twelve months served
as input, capturing the full annual cycle and flow persistence. The prediction for month t+1is
appended to the sequence, generating Q:.. iteratively until the 24-month horizon. The
baseline SARIMA model generated 24-step-ahead forecasts using fitted equations. However,
this recursive multi-step approach inevitably causes error accumulation. By step 24, the input
vector contains 23 previously predicted values, increasing uncertainty and limiting long-term
interpretability. This known autoregressive limitation is acknowledged to ensure transparency
for operational water-resource applications. Systematic sensitivity analysis of input window
lengths was beyond this study's scope, and remains an important avenue for future research.
Three machine learning approaches were evaluated: RF, GB, and SARIMA, alongside LR as
a baseline benchmark. RF and GB were selected for their proven robustness in hydrological
applications, ability to model nonlinear relationships within small datasets, and modest
computational demands. SARIMA serves as a traditional statistical benchmark representing the
type of model still widely deployed in operational hydrology. Deep learning architectures, such
as LSTM and Temporal Convolutional Networks (TCNs), were excluded because the available
dataset contains only 1,440 monthly observations. This relatively limited size poses an
overfitting risk for high-capacity models. Instead, our primary objective is benchmarking well-
established, data-efficient machine learning techniques against a traditional time-series model
in a univariate setting. Future work will extend this framework to deep learning using higher-
resolution, multivariate data. The RF algorithm (Hasan et al., 2024) is an ensemble method
aggregating predictions from multiple decision trees built on bootstrap samples, effectively
capturing complex predictor interactions (Fang et al, 2024; Pham et al., 2021). Grid search
optimized the RF hyperparameters: the number of trees (n_estimators = 2000), maximum tree
depth (max_depth = 12), and the minimum samples per split (min_samples_split = 2). The final
configuration was selected based on the lowest cross-validated RMSE. Random search and
Bayesian optimization were not required given the small grid size (<36 combinations per
model); exhaustive evaluation was performed within acceptable computation time. The GB
model constructs sequential trees, each correcting the residuals of its predecessors. This model
is known for its flexibility, for minimizing a custom loss function, and for handling complex
nonlinear patterns (Haghdoost et al., 2024; Kumar et al., 2023; Ni et al,, 2020). This makes GB a
valuable method for discharge forecast. GB hyperparameters were tuned via the same
exhaustive grid search with five-fold cross-validation, testing learning rates € {0.01, 0.05, 0.10},
boosting stages € {100, 200, 500}, and maximum depths € {3, 5, 7} (27 combinations). The
optimal configuration was learning rate = 0.05, n_estimators = 500, and max_depth = 5. Full
grid ranges and selected values for both models are reported in Appendix Table 1. To handle
the seasonality and autocorrelation found in river discharge, a SARIMA model (Khodakhah et
al., 2022; Ahmadpour et al,, 2022) was included. The general structure is denoted as SARIMA
(p, d q) x (P, D, Q,s), where p, d, and g are the non-seasonal components, and P, D, Q, and s
are the seasonal components. The model parameters were determined autocorrelation (ACF)
and partial autocorrelation (PACF) plots. Although a pure AR specification (without MA terms)
is atypical for hydrological series, it was selected because the ACF/PACF of the training
residuals showed exponential decay after seasonal differencing, and adding MA terms
consistently increased Akaike information criterion (AIC). Then, fine-tuning of the model was
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conducted by checking its AIC and Bayesian information criterion (BIC) results. As a verification
step, an exhaustive AlC-minimisation grid search over p, g € {0,1,2,3} and P, Q € {0, 1, 2}
confirmed the (2,0,0) x (2,0, 0,12) specification as optimal for the training period. This
method enabled us to select the most accurate model (Kabbilawsh et al., 2022; Valipour, 2015).
Finally, we included a simple LR model as a baseline benchmark to quantify the added value of
nonlinear ML and statistical approaches. LR assumes a linear relationship between past and
future discharges, is computationally efficient, and remains widely used in hydrological practice
as a first-order approximation. This makes LR easy to interpret but insufficient for capturing the
complex, nonlinear behavior of river systems, and it therefore provides a useful lower bound
against which to assess the gains achieved by RF, GB, and SARIMA.

To assess model performance, multiple evaluations metrics, that capture different aspects of
predictive accuracy, were used. These included Mean Squared Error (MSE), Root Mean Squared
Error (RMSE), Mean Absolute Error (MAE), and the Coefficient of Determination (R?). In addition,
two hydrologically oriented performance indicators were incorporated: the Nash-Sutcliffe
Efficiency (NSE; Nash & Sutcliffe, 1970) and the Kling-Gupta Efficiency (KGE; Gupta et al.,, 2009).
NSE evaluates the relative magnitude of residual variance compared to the variance of the
observed data, indicating how well the simulated discharge matches the observed dynamics.
KGE offers balanced evaluation by implementing correlation, bias, and variability components,
which are crucial for hydrological forecasting. Both tests’ values, NSE and KGE, are close to 1
which shows excellent model performance. Every analysis was in Python, by applying scikit-learn
for ML models, pandas for data manipulation, and matplotlib for visualization.

3. Results

The evaluation of the river discharge forecasting models reveals significant differences in
predictive performance across the various methodologies. Table 2 summarizes the key
evaluation metrics, providing insights into the effectiveness of each model in accurately
forecasting river discharge.

Table 2. Comparative evaluation metrics for four river discharge forecasting models, RF, GB, SARIMA,
and LR, applied to the Bratislava discharge time series

Evaluation metric RF GB SARIMA LR
MAE (m®/s) 183.26 335.15 550.78 336.88
MSE (m®/s) 55,386.67 197,193.39 503,297.67 194,381.41
RMSE (m?/s) 235.34 444.06 709.43 440.89
R 0.89 0.60 0.01 0.61
AlC - - 22,581.74 -

BIC - - 22,613.37 -
NSE 0.88 0.59 -0.12 0.57
KGE 0.83 0.63 0.21 0.60

Note. AIC and BIC are reported only for the SARIMA model, for which a maximum-likelihood framework
is defined. These metrics are not applicable to tree-based ensemble methods (RF, GB) or LR and have
been omitted accordingly.

Test results presented in Table 2 clearly show that SARIMA model has underperformed,
with high error metrics (MAE, MSE and RMSE) and low R? value, indicating that this model
fails to capture fundamental discharge dynamics and thus is inadequate for modeling river
discharge (Wang et al, 2017). GB model performs moderately, with acceptable accuracy
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though still inferior to RF. The LR produces mixed results, with noticeably higher error
metrics and weaker NSE, and KGE demonstrating its limited ability to handle nonlinear
relationships in river discharge. The best performing model according to all of the test
results is RF, with the lowest error metrics, highest RZ, NSE and KGE values confirming its
suitability for discharge forecasting.

A Residual plot Observed vs.Predicted B Residual plot Observed vs.Predicted

1500 5000 1500 5000

1000 N A

4000 yd 4000

8

values

1B a0 3000

ict

Predicted values

8
8

Residuals
o

Predi

S

2000
-1000

1000, B0 1000{

-1500

1000 2000 3000 4000 1000 2000 3000 4000 5000 1000 2000 3000 4000 5000 1000 2000 3000 4000 5000
Predicted values Observed values Predicted values Observed values
C Residual plot Observed vs.Predicted D Residual plot Observed vs Predicted
e 1500 P
5000 5000]
2000 1000
100 . 500{ , ¢ <y 4000

1000

30001

icted values

Residuals

3000

| Residuals

2

o
red

2000 {

Predicted values

. 2000 2 e
. . Q g
-1000 2 w- . 1000 St
1000{ SHE
1000{ 1500 “
1500 2000 2500 3000 3500 1000 2000 3000 4000 5000 1000 2000 3000 4000 1000 2000 3000 4000 5000
Predicted values Observed values Predicted values Observed values

Figure 3. Residual analysis and scatter plots of observed versus predicted monthly discharge (m/s) for
the four forecasting models: RF (A), GB (B), SARIMA (C), and LR(D).

Note. For all panels (A-D), x- and y-axes are scaled consistently across models to enable direct visual

comparison. Residuals are plotted to illustrate prediction errors, model bias, and variance, while

observed-predicted scatter plots assess model fidelity in reproducing the full range of discharge values.

Figure 3 visually compares observed vs. predicted values and residuals for all the four
models. The RF (Panel A) clearly demonstrates the tight clustering around the line and
symmetrical distribution of the residuals, further confirming its high accuracy. Panel C
(SARIMA model) clearly illustrates models’ weakness with widely dispersed residuals and
heteroscedastic, which is aligned with its weak forecasting capacity (Hansen & Nelson, 2003).
GB (Panel B) performs moderately well, while LR (Panel D) displays systematic residual
patterns, indicating lower robustness.

To further assess the hydrological realism of the simulations, a set of basic hydrological
signatures computed from the observed and modeled discharge series was compared over
the test period (2005-2020). These included the long-term mean monthly discharge, the
coefficient of variation of monthly flows (CV), and the 10th and 90th percentile flows, which
together characterize the central tendency, variability, and low- and high-flow behavior of
the series. A summary of these signatures is provided in Table 3. RF model reproduces all
signatures most closely, with only minor deviations from the observed mean and quantiles.
GB and LR show slightly larger discrepancies, particularly in the low-flow quantile (10th
percentile). SARIMA exhibits the largest biases, especially in variability (CV) and high-flow
behavior (90th percentile), consistent with its poor performance in the error-based metrics.
The two-sample Kolmogorov-Smirnov test showed no significant distributional differences
between models and observations at o = 0.05. However, this result requires caution: the test
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has low power with the available sample size (n = 192) and a non-significant p-value does
not prove equivalence. Given the large operational Q90 bias for SARIMA (-24%),
percentage biases for Q10 and Q90 are reported in Table 3 for all models.

Table 3. Comparison of selected hydrological signatures computed from observed and modeled
discharge series for the test period (2005-2020)

Model Q (m?/s) cv Q10 (m%/s) Q90 (m3/s) KS p-value big?’/o) bi;)sgg%)
Observed 2016.13 0.351 1226.12 2966.94 - - -
RF 2039.27 0.303 1340.09 2962.75 0.393 (ns) +9.3 -0.1
GB 2012.34 0.325 1297.83 280528  0.495(ns) +5.8 -5.5
SARIMA 1708.61 0.261 1211.18 2266.54 0172 (n.s)  -1.2 -24.0
LR 2009.57 0.287 1283.08 2777.54 0.266 (n.s) +4.6 -6.4

Note. n.s. = not significant at o = 0.05.

It can be concluded that RF provides the most accurate and reliable forecasts. Based on
these findings, the RF model was further applied for 24-month discharge prediction at the
Danube-Bratislava gauging station.
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Figure 4. Comparison of observed mean monthly discharge (m3/s) and RF model predictions over the
full study period (1901-2020), including a 24-month forecast horizon.
Note. The plot demonstrates the model's ability to reproduce seasonal patterns and extreme flow
events, highlighting its predictive performance over short- and medium-term horizons. In addition to

the point forecast, 50% and 90% prediction intervals are shown as shaded bands, derived from the
distribution of predictions across 200 individual decision trees within the RF ensemble.

Operational hydrology requires probabilistic forecasts to support risk-based decisions on
flood protection and water allocation. The 50% and 90% prediction intervals shown in Figure
4 represent the first approximation of forecast uncertainty quantified through the natural
spread of individual decision trees in the RF ensemble. These intervals widen with lead time,
consistent with the error-accumulation behavior demonstrated in Figure 6. Full probabilistic
calibration (e.g., conformal prediction or Bayesian inference) would be required for
operational deployment and is identified as a priority for future work.
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Figure 5. Comparison of forecasted and observed river discharge (m?/s) for 2021-2022 using the RF model.

Note. The figure shows monthly values alongside percentage differences, revealing seasonal biases, with
winter overestimation and summer underestimation.

Figure 5 compares forecasted versus observed river discharge (m?/s) for 2021-2022
using the RF model, including monthly percentage differences. The mean absolute
percentage error (MAPE) across the 24-month forecast period is 22%. Seasonal biases are
clearly visible, with winter months (e.g., January and November) overestimating by up to
+55% and summer months (e.g., July and August) underestimating by up to —34%. These
results indicate notable seasonal discrepancies in model performance. While the overall
mean error remains acceptable for broad hydrological applications, the magnitude of the
seasonal biases (ranging from —34% to +55%) highlights the limitations of the current
univariate approach and suggests that further refinement, particularly through the inclusion
of meteorological predictors, should be addressed in future studies.

To quantify the impact of recursive multi-step forecasting, the degradation of RF
predictive accuracy was examined as a function of lead time (h = 1-24 months). Despite
solid overall test-period performance (MAE = 345.42 m®/s, RMSE = 45517 m®/s, R? = 0.585,
NSE = 0.585, KGE = 0.794), accuracy deteriorated markedly with increasing horizon. At h =1,
skill was already reduced (MAE = 713.4 m®/s, RMSE = 926.0 m®/s, NSE = —0.656), highlighting
sensitivity to initial errors. Performance remained poor across all the horizons, with negative
NSE values (e.g., NSE = -0.309 at h = 6). Degradation became especially severe at longer
lead times, reaching NSE = —-0.968 and RMSE = 979.0 m®/s at h = 24.
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Figure 6. Degradation of forecast performance metrics (MAE, RMSE, and NSE) as a function of forecast
lead time (1-24 months) for the RF model.
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The rolling-origin lead-time analysis (Figure 6) reveals progressive degradation of RF
recursive forecast accuracy across all the 24 horizons. MAE ranges from 632 to 781 m%/s, while
RMSE fluctuates between 822 and 979 m?/s. NSF remains negative at all lead times (NSE =
-0.66 at h = 1to NSE = -0.97 at h = 24), indicating that the recursive multi-step forecast does
not outperform a simple mean-discharge baseline. The non-monotonic error pattern reflects
partial seasonal recovery when the predicted input window completes a full annual cycle.

4. Discussion

For the Danube River at the Bratislava station, the RF model produced the most favorable
results in describing the nonlinear dynamics characteristic of hydrological time series, based on
R? as well as error metrics (MSE, RMSE, NSE, KGE). These results align well with various regional
and global studies that highlight the success of ensemble methods in modeling hydrological
data series (Chen et al.,, 2024; Ferndndez-Delgado et al., 2019; Liu et al,, 2024; Pham et al., 2021).

GB and LR exhibited only modest predictive skills based on the coefficient of determination
and error metrics. These results highlight their limited ability to generalize across nonlinear and
temporal river discharge patterns. Although GB benefits from sequential learning and error
correction, it remains highly susceptible to overfitting, particularly when extreme events are
present. This susceptibility likely explains its underperformance compared to RF (Friedman, 2007;
Maulud & Abdulazeez, 2020). Conversely, several hydrological studies report contradictory
findings, showing GB variants (XGBoost, LightGBM, CatBoost) outperforming RF in mountainous
or snow-influenced catchments and extreme events (Kumar et al, 2023; Ni et al., 2020). This
performance divergence stems from dataset characteristics: GB's sequential correction excels in
highly non-stationary or topographically complex systems, whereas RF's bagging offers superior
robustness against noise in medium-sized univariate datasets like the one used here
(Kedam et al., 2024). A critical limitation of the current univariate approach is the total exclusion of
meteorological predictors like precipitation, temperature, and evapotranspiration. This restricts
operational applicability under future climate scenarios, as univariate models cannot account for
shifting hydro-meteorological interactions (Aghakhani et al, 2025). Therefore, multivariate
extensions incorporating these variables are essential and will be pursued in future work. The
lead-time degradation analysis confirms that the recursive forecasting framework introduces
substantial uncertainty, particularly beyond short lead times (Ji et al,, 2025). Consistently negative
NSE values across all horizons indicate that forecasts rapidly lose skill relative to climatological
benchmarks. This behaviour is consistent with theoretical expectations for autoregressive
recursive models, where error accumulation increases nonlinearly with forecast horizon (Cheng et
al., 2020; Ji et al.,, 2025). These findings highlight a fundamental limitation of the applied approach
and suggest that alternative strategies, such as direct multi-step forecasting or hybrid recursive-
direct methods, may provide greater stability for long-term predictions (Jiet al, 2025;
Kurian et al,, 2020). Furthermore, incorporating exogenous predictors could help constrain error
propagation by anchoring forecasts to physical drivers instead of relying solely on autoregressive
memory (Kurian et al., 2020).

Figure 6 illustrates this lead-time-dependent degradation for the RF model. Both MAE and
RMSE exhibit a clear increasing trend with forecast horizon, accompanied by pronounced
fluctuations at intermediate and longer lead times that reflect episodic amplification of
prediction errors. Meanwhile, NSE values decline rapidly and remain negative for most
horizons, confirming that model performance quickly falls below the climatological benchmark
beyond short lead times. This pattern aligns with broader hydrological forecasting literature,
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where recursive multi-step approaches have been shown to accumulate errors nonlinearly as
predictions are sequentially fed back into the model (Kumar et al,, 2013; Mosavi et al.,, 2018).
Specifically, Kumar et al. (2013) demonstrated that error propagation significantly limits the
reliability of streamflow forecasts at seasonal horizons, while Mosavi et al. (2018) highlighted
that machine learning models, despite strong short-term skill, often suffer substantial
performance decay at longer lead times due to compounding uncertainties. In this study,
forecast reliability is markedly reduced beyond approximately 6-12 months, reinforcing the
need for alternative forecasting strategies when extended prediction horizons are required.

LR, being strictly a parametric approach, cannot effectively capture the complex
interactions and temporal dependencies characteristic of river discharge. Similar findings have
been reported for other European rivers (lkeagwuani, 2021). The SARIMA model performed
unexpectedly poorly (R* = 0.01, NSE = -0.12, KGE = 0.21). Stationarity of the monthly discharge
series was formally tested using the Augmented Dickey-Fuller (ADF) test (p < 0.01 after first-
order differencing) and the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test (p > 0.05 after
differencing), confirming that the series became stationary. No Box-Cox transformation was
required, as the variance was already stabilized after seasonal differencing. Model parameters
were selected rigorously by examining ACF and PACF plots and minimizing AIC and BIC over
the training period (1901-2004). Despite correct identification of the seasonal structure (order
(2,0,0) x (2,0,0,12)), the drastic underperformance relative to ensemble machine-learning
methods is not due to data errors, inadequate preprocessing, or suboptimal parameter
selection. Rather, it reflects the fundamental limitations of linear stochastic models when
applied to highly non-linear and regulated hydrological systems. The Danube at Bratislava is
strongly influenced by upstream snowmelt dynamics, river regulation, and anthropogenic
interventions, which introduce complex non-linear interactions that SARIMA cannot capture
(Sirbu et al.,, 2026). In contrast, RF and GB can model these non-linear dependencies directly
from the lagged discharge values, explaining their clear superiority in this univariate setting. In
contrast, the rolling-origin evaluation (Figure 6, Table 4) confirms that RF recursive multi-step
performance deteriorates to below the mean-discharge baseline (NSE < 0) at all horizons from
h = 1to h = 24, underscoring that strong one-step-ahead skill does not translate to reliable
medium-range recursive forecasting without direct multi-step or multivariate extensions.

The observed seasonal discrepancies, summer underestimations and winter overestimations,
indicate that model performance is moderately sensitive to climatic seasonality. This pattern
closely aligns with documented European flow-regime shifts reported by Bloschl et al. (2019)
and Tramblay et al. (2027). Bloschl et al. (2019) showed that climate change has increased winter
flood discharges in North-Western and Central Europe (due to higher winter precipitation and
soil moisture) while decreasing summer low flows in Southern and Central Europe (due to rising
evapotranspiration and reduced summer precipitation). Similarly, Tramblay et al. (2021)
documented a clear increase in the number and earlier occurrence of zero-flow days across
Southern and Central Europe, driven primarily by intensified summer drying. The RF model’s
tendency to underestimate summer discharges and overestimate winter discharges therefore
mirrors these observed continental-scale trends: the model underpredicts the growing summer
low-flow stress and overpredicts winter flows, which are becoming more pronounced under
changing climatic conditions. This consistency indicates that the seasonal biases are not merely
model artifacts but reflect real shifts in the Danube’s hydrological regime under climate
variability (Khozani et al., 2024).
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The exclusive use of discharge as a predictor in this study allowed for an assessment of
univariate ML performance under data-limited conditions. The presented results demonstrate
the efficiency of RF in reconstructing historical discharge dynamics. However, excluding
meteorological variables such as precipitation, air temperature, and evapotranspiration is likely
responsible for the residual errors, particularly during extreme events. Incorporating these
meteorological variables, together with ERA5 reanalysis data (which can also serve as input or
boundary conditions for regional climate model simulations), could enhance model
interpretability and predictive ability under different climate change scenarios (Vilaseca et al,,
2023). In addition to conventional error metrics, the hydrological-signature analysis (Table 3)
further confirms that RF most accurately reproduces key runoff characteristics such as
long-term mean flow, variability, and high- and low-flow quantiles, whereas SARIMA shows
noticeable distortions of these signatures.

An additional extension involves using discharge observations from multiple gauging
stations along the Danube and its tributaries. In a multivariate configuration, RF and GB can
naturally incorporate simultaneous inputs from several upstream and downstream stations,
allowing the models to exploit spatial correlations and travel-time effects along the river
network (Jahanshahi et al., 2025). Previous studies have shown that such multi-station setups
can improve forecasts at intermediate locations, particularly during flood waves and prolonged
low-flow events (Hauswirth et al., 2021). In contrast, extending SARIMA to the multivariate case
would require more complex formulations (e.g. vector autoregressive or SARIMAX models)
with @ much larger number of parameters, which can be difficult to estimate reliably for many
stations (Galdelli et al., 2025). Evaluating these multivariate, spatially distributed configurations
is beyond the scope of the present work, which intentionally focused on a single, well-gauged
station, but it represents a promising direction for future research on the Danube River system.

From a hydrological perspective, the superior performance of RF is due to their ability to
capture both temporal autocorrelation and nonlinear interactions that influence river
discharge. The Bratislava section of the Danube River is governed by long-term precipitation
patterns, snowmelt from upstream catchments, and anthropogenic regulation of the
riverbed (Kron et al.,, 2019; Viero et al., 2019). The RF model successfully exploited historical
discharges to account for these complex interactions, while purely statistical models did not
adapt to changes in the hydrological regime.

The presented findings have significant implications for hydrological forecasting in
Central and South-Eastern Europe. First, the results show that ensemble models can provide
reliable outcomes and are therefore valuable operational tools for forecasting extreme
events. Second, the highlighted limitations of SARIMA and other univariate statistical models
indicate that caution is necessary when applying them.

The RF model is confirmed to be the most efficient for forecasting monthly discharge up to
two years. This model demonstrated robustness, adaptability, and greater predictive skill
compared with other ML or statistical approaches. This underscores the growing value of ML in
modern hydrology by providing regionally adaptable and scalable solutions for managing
hydrological extremes.

Despite these promising results, several limitations of this study should be acknowledged:
(i) the analysis is restricted to a single gauging station and a univariate, monthly discharge
time series, which constrains both the spatial and temporal generalizability of the findings
and limits direct transferability to other parts of the Danube or other basins; (i) only
deterministic point forecasts were produced, without explicit quantification of predictive
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uncertainty, which is essential for risk-informed decision-making in flood and drought
management; A direct multi-step forecasting strategy, where separate models are trained for
each prediction horizon, could reduce error accumulation and improve long-range stability.
However, this approach was beyond the scope of the present study and should be
systematically evaluated in future work; (iii) the models were calibrated and validated under
historical conditions and may not fully capture future nonstationarities in the discharge
regime arising from climate change, land-use alterations, or additional river regulation. Future
research should extend this framework to multi-station and multivariate settings, integrate
meteorological and climatic predictors as well as indicators of human influence, explore
probabilistic and deep learning-based approaches, and explicitly test model robustness under
nonstationary scenarios and for operational early warning applications.

5. Conclusion

This study demonstrates that RF significantly outperforms GB, SARIMA, and LR for monthly
discharge forecasting at the Bratislava gauging station on the Danube River. RF achieved the
highest accuracy (R? = 0.89, NSE = 0.88, KGE = 0.83) and best reproduced key hydrological
signatures, confirming its ability to capture nonlinear relationships and temporal
dependencies from univariate discharge data alone. In contrast, SARIMA performed very
poorly, while GB and LR delivered only moderate results.

This study fills a significant geographical and methodological gap by providing the first
comprehensive machine-learning assessment of monthly discharge forecasting for the
strategically important Danube River at Bratislava, a large, regulated river in Central and South-
Eastern Europe that has been notably underrepresented in the global hydrological modeling
literature. By demonstrating the strong performance of RF over a 120-year observational
record using only univariate data, the results offer new evidence on the practical value and
robustness of ensemble learning methods for complex hydrological systems, thereby
advancing data-driven approaches for operational water resource management.

The observed seasonal biases, underestimation in summer and overestimation in winter,
mirror broader European flow-regime shifts under climate change. These findings highlight
the superiority of ensemble machine-learning approaches for operational hydrological
forecasting in regulated river systems.

Overall, RF provides a robust, efficient framework for monthly discharge prediction at
Bratislava on the Danube River, benefiting water management, flood risk assessment, and
hydropower planning across Central and South-Eastern Europe. For practitioners, twelve
months of lagged discharge data offer an efficient, preliminary tool when meteorological data
are unavailable. Forecast reliability remains high up to six months but decreases significantly
beyond twelve months due to error accumulation. Operational deployment requires transition
to probabilistic and multivariate frameworks. Future studies must incorporate meteorological
drivers to enhance predictive skill under changing climate conditions.
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Appendix

Table 1. Hyperparameter grid search ranges and final selected values for the RF and GB models.
Selection criterion: lowest cross-validated RMSE across five rolling-window folds

Model Hyperparameter Values tested Final selected value
RF n_estimators 500, 1000, 2000 2000
RF max_depth 6,9, 12, None 12
RF min_samples_split 2,5,10 2
RF Total combinations 36 -
GB learning_rate 0.01, 0.05, 0.10 0.05
GB n_estimators 100, 200, 500 500
GB max_depth 3,57 5
GB Total combinations 27 -

Note. RF and Bayesian optimization were not employed. Given the small number of combinations (<36
per model) and the moderate dataset size (1,440 monthly observations), exhaustive grid search was
computationally feasible and preferable for reproducibility. All hyperparameter tuning was performed
exclusively on the training period (1901-2004) using five-fold rolling-window cross-validation; the test
period (2005-2020) was not used at any stage of tuning.
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