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Abstract Streamflow prediction is essential for water resources management and flood mitigation but
remains challenging in large basins due to spatial heterogeneity. Machine learning (ML) models have been
widely applied to streamflow prediction, typically relying on explicit routing modules, whereas the potential of
pure ML models remains underexplored. This study presents a purely ML-based model (Convolutional Entity-
Aware Long Short-Term Memory) for fully distributed streamflow prediction. Spatial cross-validation across
50 gauges in the Amazon Basin yields a median Nash-Sutcliffe Efficiency of 0.73 and an R of 0.84, comparable
to or exceeding benchmark models with routing modules. The model reduces annual peak flow bias

(APFB = 0.12) and accurately reproduced spatial autocorrelation patterns (Pearson's » > 0.6, Moran's / > 0.8,
and Geary's C < 0.2), indicating spatially consistent grid-scale discharge predictions. These findings
demonstrate the potential of a pure data-driven ML model for fully distributed streamflow prediction in
ungauged basins while ensuring spatial consistency.

Plain Language Summary Predicting streamflow is essential for managing water resources and
preventing floods, but it is challenging in large, diverse river basins where landscape and weather conditions
vary greatly across regions. Traditional methods rely on detailed physical river maps or complex flow routing
rules. This study developed a pure machine learning model to predict streamflow across entire river basins
without using pre-programmed flow routing rules. The model was tested in the Amazon Basin, achieving an
accuracy comparable to or surpassing that of traditional models. It also produced realistic, spatially consistent
streamflow patterns, despite not incorporating explicit flow routing rules. These results suggest that pure data-
driven models can provide accurate and spatially consistent streamflow predictions.

1. Introduction

Streamflow prediction is a fundamental task in hydrology and is critical for effective water resources manage-
ment, natural hazard mitigation, and environmental conservation (Sun et al., 2014; Troin et al., 2021; Yaseen
et al., 2016; Yu, Tolson, et al., 2024). Accurate streamflow predictions are essential for forecasting extreme
hydrological events, such as floods and droughts, thereby enabling timely interventions to mitigate their adverse
social and environmental impacts (Hadi & Tombul, 2018; Meng et al., 2019). Hydrological models, designed to
simulate various processes within the water cycle, play a crucial role in streamflow prediction (K. J. Beven, 2012).

Hydrological models are generally classified as lumped or distributed, depending on their representation of spatial
heterogeneity in hydrological processes (K. J. Beven, 2012; Singh & Frevert, 2010). Lumped models concep-
tualize an entire basin as a single homogeneous unit, offering computational efficiency but losing accuracy in
large or heterogeneous basins (Getirana et al., 2009; Kling & Gupta, 2009; Savenije, 2010; Sorooshian, 2008). In
contrast, distributed models explicitly account for spatial variability in meteorology, topography, geology, and
land cover, enabling more detailed and physically realistic simulations of hydrological processes (Nijzink
et al., 2016).

Depending on the spatial discretization unit (i.e., grid cells or sub-basins), distributed models can be categorized
as fully or semi-distributed (Yu, Tolson, et al., 2024). As one branch of hydrological models, distributed models
can also be further divided into physically based, conceptual, and data-driven models (Devia et al., 2015).
Physically based models simulate hydrological processes such as evapotranspiration, infiltration, and runoff
based on governing physical laws (Zhang et al., 2016). Conceptual models, on the other hand, combine simplified
physical representations with empirical formulations (Aghakouchak & Habib, 2010). These two categories are
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often referred to as physically-informed models, as exemplified by physically-informed distributed models such
as MIKE SHE (Abbott et al., 1986), TOPMODEL (K. Beven et al., 1984), and VIC (Liang et al., 1994). Although
widely applied over the past few decades, physically-informed models typically require extensive parameteri-
zation and calibration, which can limit their practical applicability, particularly at large spatial scales or in data-
scarce regions (Francés et al., 2007; Immerzeel & Droogers, 2008).

Machine learning (ML) models, a prominent category of data-driven models, have shown promising performance
in streamflow prediction (Kratzert et al., 2018; Kratzert, Klotz, Herrnegger, et al., 2019; Yu, Tolson, et al., 2024).
Unlike physically-informed models, ML models can capture complex nonlinear relationships in hydrological
systems directly from historical data, without relying on explicit physical representations (Ji et al., 2021; Y. Lin
et al., 2021). When trained on large and diverse data sets, regional ML models have been shown to outperform
traditional physically-informed models, particularly in streamflow prediction in ungauged basins (PUB) (Feng
et al., 2022; Kratzert, Klotz, Herrnegger, et al., 2019; Yu, Jiang, et al., 2024). However, most existing studies
employ ML models that focus on lumped predictions at basin outlets, thereby neglecting spatial heterogeneity in
hydrological responses (Muhebwa et al., 2024). Although recent studies have extended ML models toward
distributed streamflow prediction by incorporating spatially heterogeneous inputs (Anderson & Radié, 2022; Li
etal., 2025; Wunsch et al., 2022), many remain limited to prediction at basin outlets or fixed gauge stations, rather
than producing spatially consistent, grid-scale streamflow predictions across entire basins (Wang et al., 2024).

Recent studies that apply ML models to fully distributed streamflow prediction generally incorporate explicit
routing modules. For example, Yang et al. (2025) coupled a Long Short Term Memory (LSTM) network for
runoff generation with the RAPID routing model, while Xiang and Demir (2022) introduced a graph neural
network based rainfall-runoff model that integrates routing informed by flow directions derived from elevation
data. Longyang et al. (2024) employed a Convolutional Long Short-Term Memory (ConvLSTM) model with an
integrated spatial attention mechanism to predict grid-scale discharge, followed by Ridge regression for spatial
aggregation instead of a physical routing scheme due to the absence of reliable surface topography information. In
contrast, few studies have investigated the potential of pure ML models for fully distributed streamflow pre-
diction. Li et al. (2025) proposed a temporal to spatial framework that applies LSTM models independently at
each grid cell and uses convolutional neural networks (CNNs) for spatial aggregation. However, most of these
studies evaluate model performance at basin outlets or fixed gauges. Comprehensive assessments at the fully
distributed scale remain limited, particularly for ungauged basins and spatially consistent grid-scale predictions.

To address this gap, this study introduces a purely ML distributed hydrological model based on a stacked two-
layer ConvLSTM architecture. The proposed model is applied to the Amazon Basin. Model performance is
evaluated at two spatial scales. At the sub-basin scale, a spatial cross-validation experiment across observed
gauge stations is designed to assess predictive performance in ungauged basins. At the grid scale, reliability and
spatial consistency are evaluated for individual grid cells across the entire basin.

2. Methodology
2.1. Study Area and Data Set

This study focuses on the Amazon Basin (Figure S1 in Supporting Information S1), the largest river basin in the
world, located in South America and spanning over 6,000,000 km”. The Amazon Basin is characterized by
complex hydrological processes, pronounced spatial heterogeneity, and significant variability in precipitation.
The northwestern region receives some of the highest annual rainfall globally, with totals reaching up to
3,500 mm.

The model input consists of three primary components, that is, meteorological forcing data, static attributes, and
terrestrial water storage anomalies (TWSA). Eight meteorological variables, including precipitation, temperature,
and wind speed, are obtained from the WATCH-Forcing-Data-ERA-Interim (WFDEI) data set (Lange &
Biichner, 2020) (see Table S1 in Supporting Information S1). Static attributes, derived from Stacke and Hage-
mann (2021) and supplemented by Wang et al. (2024), include 25 properties related to topography, soil, and
vegetation (see Table S2 in Supporting Information S1). The TWSA data are obtained from the ITSG-Grace2018
data set (Kvas et al., 2019; Mayer-Giirr et al., 2018), which provides Kalman-smoothed daily gravity field so-
lutions to recover sub-monthly gravity variations from GRACE observations. Streamflow observations from 50
hydrological gauge stations, sourced from the Global Runoff Data Center (GRDC), are used for model training
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Figure 1. Schematic diagram of the proposed ConvEALSTM model for fully distributed streamflow prediction.

and validation. The distribution of the gauge stations is shown in Figure S1a in Supporting Information S1, and
their basin information is provided in Table S3 in Supporting Information S1. These gauge stations cover up-
stream catchment areas exceeding 4,000 kmz; therefore, the model resolution was set to 0.5° to balance
computational efficiency and spatial detail.

2.2. Model Structure

The Convolutional LSTM (ConvLSTM) extends the traditional LSTM by incorporating convolutional structures,
effectively substituting traditional matrix multiplications with convolutional operations within both input-to-state
and state-to-state transitions (Shi et al., 2015). This design leverages the spatial feature extraction capabilities of
CNNs and the temporal dependency modeling strengths of LSTMs, making it particularly well-suited for
spatiotemporal prediction tasks (Bassah et al., 2025). ConvLSTM has been successfully applied in various hy-
drometeorological forecasting tasks, including precipitation (Kim et al., 2017), water level (Guo et al., 2021), and
streamflow prediction (Dehghani et al., 2023).

The structure of the proposed stacked two-layer ConvLSTM model is shown in Figure 1. In this architecture, the
standard LSTM cell is replaced with the Entity-Aware LSTM (EA-LSTM) developed by Kratzert, Klotz, Shalev,
et al. (2019), which incorporates an elegant design for integrating static attributes into the LSTM framework.
Incorporating static attributes into LSTM networks has been shown to improve streamflow prediction, particu-
larly in ungauged basins (Feng et al., 2021; Kratzert, Klotz, Herrnegger, et al., 2019). Based on this design, the
proposed model is referred to as Convolutional Entity-Aware LSTM (ConvEALSTM). The first layer is designed
for runoff prediction and receives dynamic forcing data (meteorological variables and TWSA) together with static
attributes related to runoff generation. The second layer is designed for flow routing, using the output from the
first layer along with additional routing-related static attributes. The model output represents streamflow pre-
dictions at the grid-scale level, which are then compared with streamflow observations from gauge stations ac-
cording to their geographic locations.

2.3. Experimental Design

The proposed model was evaluated at both the sub-basin and grid scales and compared with benchmark data sets.
At the sub-basin scale, a five-fold cross-validation experiment was conducted to assess the model's spatial
extrapolation capability for streamflow prediction. In this experiment, the model was trained on daily meteo-
rological forcing and TWSA data from 2003 to 2012 to generate daily streamflow outputs. In each fold,
streamflow data from 40 of the 50 gauge stations were used for training, while the remaining 10 stations were
reserved for validation, representing a PUB scenario. Before model training, input and output variables were
standardized using z-score normalization. Streamflow values were first normalized by catchment area at each
gauge station before applying z-score normalization. The model was optimized using the Nash-Sutcliffe Effi-
ciency (NSE). Since the loss function requires minimization, 1-NSE was adopted as the loss function. The
hyperparameters (e.g., hidden nodes and learning rate) were tuned using grid search, and their details are provided
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in the model code. Since observations were available only at gauge stations, a spatial mask was applied to restrict
loss calculations to grid cells containing observations. To reduce uncertainty arising from data set partitioning, the
five-fold cross-validation was repeated 10 times, and the median prediction across repetitions was used to
represent model performance.

For benchmarking, streamflow predictions were compared with three data sets, that is, the Global Flood
Awareness System (GloFAS) v4.0 (Grimaldi et al., 2022), the GRADES data set (P. Lin et al., 2019; Yang
et al., 2019) and the GRADES-hydroDL data set (Yang et al., 2025). The GloFAS v4.0 data set is a global,
gridded, daily river discharge data set covering the period from 1979 to the near present, produced by the
Copernicus Emergency Management Service using the LISFLOOD model forced with ERAS meteorological
reanalysis data, with a spatial resolution of 0.05°. The GRADES and GRADES-hydroDL data sets provide global,
reach-level, daily river discharge estimates by utilizing the VIC land surface model and LSTM model, respec-
tively, for runoff generation at a 0.25° grid-scale resolution. This runoff is subsequently routed through the global
river network using the Routing Application for Parallel Computation of Discharge (RAPID) model, producing
discharge estimates for approximately 2.94 million river reaches. Model performance in spatial cross-validation
experiments was assessed using NSE and the coefficient of determination (R%), with results compared with the
three benchmark data sets.

As for the model evaluation at the grid scale, model outputs were compared with two grid-scale benchmark data
sets: (a) the Global Runoff Reconstruction (GRUN) data set, which provides monthly runoff estimates at 0.5°
spatial resolution for 1902-2014 using a random forest model driven by monthly precipitation and near-surface
temperature from atmospheric reanalysis, and (b) the GlIoFAS gridded daily streamflow data set. Performance at
the grid scale was evaluated using the Pearson correlation coefficient between ConvEALSTM predictions and
GRUN runoff, as well as between ConvEALSTM predictions and GloFAS streamflow, across all basin grid cells.
As GRUN runoff is available at monthly resolution, model outputs were temporally aggregated to the monthly
scale for direct comparison.

3. Results and Discussion
3.1. Model Performance at Sub-Basin Scale

Figures 2a and 2b present boxplots of NSE and R? values for ConvEALSTM and the three bench-
mark models across 50 stations in the cross-validation experiment. The ConvEALSTM model achieved a median
NSE of 0.73, approximately 7% higher than that of the LISFLOOD model (0.68), 43% higher than that of the VIC-
RAPID model (0.51) from the GRADES data set and comparable to the Grid LSTM-RAPID model (0.73) from
the GRADES-hydroDL data set. In terms of R?, the ConvEALSTM model reached a median value of 0.84, higher
than VIC-RAPID (0.77) and marginally higher than LISFLOOD (0.80) and Grid LSTM-RAPID (0.83). The
incorporation of TWSA as an input substantially enhanced performance: the median NSE increased from 0.46 to
0.73 (a 59% improvement), while the median R? improved from 0.58 to 0.84 (a 45% improvement). Moreover, the
relatively narrow interquartile range of NSE values for ConvEALSTM indicates stability comparable to Grid
LSTM-RAPID and superior to LISFLOOD and VIC-RAPID models. It is important to note that calibration of all
LISFLOOD, VIC-RAPID and Grid LSTM-RAPID involved observed streamflow data from GRDC gauge sta-
tions within the Amazon Basin, resulting in partial overlap between training and validation stations. In contrast,
all validation stations in the ConvEALSTM experiment were excluded from the training set, rendering the
evaluation more representative of predictions in ungauged basins.

Figures 2c—2g illustrates the spatial distribution of NSE values for ConvEALSTM and the three benchmark
models in the spatial cross-validation experiments. LISFLOOD, VIC-RAPID and Grid LSTM-RAPID perform
poorly in several basins (as indicated by orange and red markers), whereas ConvEALSTM consistently out-
performs the benchmarks across most regions. Figure 2h compares observed streamflow time series with sim-
ulations from the three models at the Obidos station, the most downstream gauge in the Amazon Basin, with an
upstream catchment area of 4,680,000 km?. ConvEALSTM more accurately captures hydrograph patterns,
particularly peak flows, while LISFLOOD, VIC-RAPID and Grid LSTM-RAPID tend to overestimate peak
magnitudes. Specifically, ConvEALSTM yields an annual peak flow bias (APFB) of 0.12, which is lower than the
values of 0.27, 0.22, and 0.16 obtained by LISFLOOD, VIC-RAPID, and Grid LSTM-RAPID, respectively,
thereby demonstrating the superior performance of ConvEALSTM in peak flow prediction.
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Figure 2. Comparison of streamflow prediction performance among models. (a, b) Boxplot of Nash-Sutcliffe Efficiency (NSE) and R values (Note: Outliers are not
marked in this figure). (c—g) Spatial distribution maps of NSE values. (h) Time series of observed and simulated streamflow at the most downstream Obidos station.

A comparison between ConvEALSTM with and without TWSA input reveals that, although the model without
TWSA produces hydrographs of reasonable magnitude, the outputs exhibit numerous unrealistic fluctuations.
Incorporating TWSA as an input substantially smooths the predicted hydrograph, thereby improving overall
model reliability. Additional hydrographs for other gauge stations are provided in Figure S2 in Supporting In-
formation S1. The model demonstrated strong performance at most stations, with simulated hydrographs closely
aligned with observations in both pattern and magnitude. However, model predictions tended to overestimate low
flows at certain stations, likely due to the use of 1-NSE as the loss function, which prioritizes peak flow fitting.

3.2. Model Performance at Grid Scale

In Section 3.1, the spatial extrapolation capability of the ConvEALSTM model was evaluated using cross-
validation among gauge stations or sub-basins within the Amazon Basin. Building on the trained model from
the spatial cross-validation experiment, the model's ability to generate fully distributed streamflow predictions
was further assessed by analyzing simulated streamflow across all basin grid cells. Specifically, daily streamflow
predictions at each grid cell were compared with the GRUN runoff and GloFAS discharge time series. Figure 3
presents the spatial distribution of correlation coefficients relative to the benchmark GRUN and GloFAS data sets.
In both cases, large portions of the grids exhibit high correlations (>0.6, red shades) with clear spatial continuity,
indicating strong agreement with the benchmarks and demonstrating the ConvEALSTM model's capability to
generate reliable fully distributed streamflow predictions.

Moreover, Moran's I and Geary's C were employed as complementary evaluation metrics to quantify the spatial
consistency of the model predictions at the grid scale. Moran's [ is a product moment coefficient centered on the
mean, typically ranging from —1 to 1, with positive values indicating clustering of similar values and negative
values indicating spatial dispersion. In contrast, Geary's C is based on squared differences between neighboring
observations and ranges from O to 2, where values near 0 indicate strong spatial similarity and values greater than
1 indicate spatial dissimilarity. The Moran's I values for the correlation maps between the model outputs and the
GRUN and GIoFAS data sets are 0.89 and 0.83, respectively, and the corresponding Geary's C values are 0.10 and
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Figure 3. Spatial distribution of Pearson correlation coefficients between ConvEALSTM grid-scale predictions and
benchmark data sets across the Amazon Basin. (a) Correlation with monthly GRUN runoff (temporally aggregated).
(b) Correlation with daily Global Flood Awareness System streamflow.

0.16. These results indicate that the model produces reliable and spatially consistent grid-scale streamflow
predictions.

3.3. Illustrative Case Study of Flow Propagation

In Sections 3.1 and 3.2, the results demonstrate that the proposed model achieves good performance in streamflow
prediction at both the sub-basin and grid scale, without incorporating explicit routing modules. As an illustrative
case study, the 2007 flood event was selected to demonstrate the model's implicit routing behavior. Three stations
(A, B, and C) located along the same river reach were analyzed to examine the simulated flood propagation
(Figure 4a). The hydrographs of the 2007 flood event simulated by the ConvEALSTM model at these stations
were compared (Figure 4b), and the flood peak discharge and corresponding timing at each station were anno-
tated. The predicted hydrographs clearly capture the flow propagation pattern, with peak discharge increasing and
peak timing progressively lagging from upstream to downstream.

For quantitative evaluation of flow propagation in the model predictions, the lag time of peak flow between gauge
C and gauges A and B was compared using both modeled and observed streamflow data (Figures 4c and 4e). In
the observations, the lag times are 22 and 8 days, respectively, whereas in the model predictions they are 20 and
7 days, which are broadly consistent with the observed values. To further quantify the temporal dependence
between upstream and downstream gauges, Pearson correlation coefficients were calculated between gauges A
and B and gauge C at time lags of 0, 7, 14, 21, and 28 days to evaluate lag correlations among the three stations
(Figures 4d and 4f). In the observations, the highest correlations occur at 21 and 7 days, consistent with the peak
lag times. In the model predictions, the highest correlation between gauges B and C also occurs at 7 days, while
that between gauges A and C occurs at 14 days, differing by one time step from the observed value. Overall, this
case study shows that the ConvEALSTM model is capable of reproducing the observed flow propagation pattern
for this representative flood event despite the absence of an explicit routing module. The hydrographs and Pearson
correlation coefficients at multiple time lags generated by the other models are provided in Figure S3 in Sup-
porting Information S1. Among all evaluated models, ConvEALSTM demonstrates a peak discharge lag time and
flow propagation pattern that align most closely with observation.

3.4. Interpretative Analysis of Flow Propagation

To better understand the underlying mechanism of model behavior in flow propagation during this flood event,
the Integrated Gradients (IG) method is applied (Sundararajan et al., 2017). This gradient-based attribution
technique measures the influence of each input feature on the model output, quantifying the contributions of
variables at three selected stations. Integrated Gradients maps of dynamic forcing variables are generated for the
three stations over a 7-day period spanning the peak at the downstream station and the peak at the upstream
station. Comparisons are conducted among IG maps derived from models that (a) include TWSA as an input, (b)
exclude TWSA, and (c) isolate the individual contribution of TWSA. There is a clear downstream migration of the
high IG value zone from upstream to downstream in Figures 5al-5a5, whereas no distinct spatial pattern is
observed in Figures 5b1-5b5. This contrast highlights the contribution of TWSA to flow propagation. The same
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Figure 4. Exemplary spatio-temporal flood propagation. (a) Locations of upstream-to-downstream gauge stations A, B, and
C. (b) Modeled hydrographs during the 2007 flood, with increasing peak magnitude and delayed timing downstream. (c, €)
Observed versus modeled lag times of peak flows from A to C and B to C. (d, f) Pearson correlation coefficients at multiple
time lags (0-28 days) between upstream and downstream stations in observations and model outputs.

pattern is further illustrated in Figure 5c1-5¢5 and is consistent with the spatiotemporal evolution observed in
Figure 5al-5a5.

3.5. Limitations and Future Work

The Convolutional LSTM model developed for fully distributed streamflow prediction demonstrates robust
performance, yet uncertainty remains a critical aspect of streamflow prediction. To reduce parameter uncertainty,
model training was repeated 10 times as an ensemble, and the median values of the 10 runs were used as final
results. The ranges across the 10 runs, representing parameter uncertainty at all gauge stations, are shown in
Figure S2 in Supporting Information S1. The current spatial resolution of 0.5° is suitable for large basins such as
the Amazon but is too coarse for smaller basins. This coarse grid can oversimplify spatial variability in terrain,
land use, and soil properties, thereby introducing input-data uncertainty into predictions.

Although the model performs well without explicit physical formulations of runoff generation and routing pro-
cesses, the absence of physical constraints may also contribute to structural uncertainty (e.g., the infiltration and
evapotranspiration processes) in streamflow simulations. This is also supported by the inclusion of terrestrial water
storage, which greatly improves model performance. Future work could integrate other physical constraints to
enhance the physical realism of predictions. For instance, Wang et al. (2024) successfully embedded the Penman-
Monteith equations into ML models, producing plausible estimates of potential evapotranspiration (PET).
Incorporating physically-based constraint formulations into the proposed framework may enhance both inter-
pretability and reliability of outputs. Furthermore, future research should aim to optimize the model structure to
improve computational efficiency, enabling application at finer spatial resolutions. With the aid of interpretability
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Figure 5. Spatial attribution of gridded inputs over the event period. The Integrated Gradients contribution heatmaps highlight dominant regions contributing to the
streamflow prediction across different time steps.

tools such as IG maps, it is possible to gain deeper insights into how ML models operate within rainfall-runoff and
flow routing processes, thereby informing model input selection and model structural improvement. These results
demonstrate the feasibility of a purely ML-based approach for spatially consistent streamflow prediction,
providing a scalable, data-driven alternative to routing-based hydrological models. Beyond the Amazon Basin, the
ConvEALSTM framework can be applied to other large river basins worldwide, as it relies solely on commonly
available meteorological forcing, globally obtainable catchment attributes, and remotely sensed terrestrial water
storage data. Its fully data-driven design is particularly advantageous in regions with limited gauging infrastructure,
where traditional hydrological models face substantial challenges. Future research could further evaluate the
transferability of the model to other large basins.

4. Conclusion

This study developed and tested the ConvEALSTM model, a purely ML-based framework designed to generate
fully distributed streamflow predictions without relying on explicit routing modules. Applied to the Amazon
Basin, the model demonstrated strong predictive skill at the sub-basin scale, achieving a median NSE of 0.73 and
R? of 0.84 in spatial cross-validation, confirming its robust performance in ungauged basins. In simulating
extreme hydrological events, the model successfully constrained peak flow magnitudes, achieving a low APFB of
0.12 at the basin outlet. At the grid scale, the model produced reliable and spatially consistent outputs that
correlated strongly with GRUN and GloFAS benchmark data sets (Pearson correlation >0.6 across major grid
regions). The spatial autocorrelation analysis yielded high Moran's I values (0.89 and 0.83) and low Geary's C
values (0.10 and 0.16) relative to benchmark data sets, respectively.

Although the model does not include an explicit routing module, it effectively captures flow propagation patterns
by reliably predicting lag times and lag-correlations between upstream and downstream gauge stations. Further
interpretative analysis indicates that the incorporation of TWSA as an additional model input makes a key
contribution to the model's implicit representation of flow propagation. These findings demonstrate the capability
of a pure ML approach for fully distributed streamflow prediction without physical routing modules and provide a
comprehensive, quantified assessment of its performance in ungauged basins while ensuring spatial consistency.
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