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Abstract Global hydrological models are important decision support tools for policy making in today's
water-scarce world as their process-based nature allows for worldwide water resources assessments under
various climate-change and socio-economic scenarios. Although efforts are continuously being made to
improve water resource assessments, global hydrological model computational demands have dramatically
increased and calibrating them has proven difficult. To address these issues, deep-learning approaches have
gained prominence in the hydrological community, in particular the development of deep-learning surrogates.
Nevertheless, the development of deep-learning global hydrological model surrogates remains limited, as most
surrogate frameworks only focus on natural water states and fluxes at a single spatial resolution. Therefore, we
introduce a global hydrological model surrogate framework that integrates spatially distributed runoff routing,
including lake outflow and reservoir operation, includes human activities, such as water abstractions, and can
scale across spatial resolutions. To test our framework, we develop a deep-learning surrogate for the PCRaster
Global Water Balance (PCR-GLOBWB) global hydrological model. Our surrogate performed well when
compared to the model outputs, with a median Kling-Gupta Efficiency of 0.50, while predictions were at least an
order of magnitude faster. Moreover, the multi-resolution surrogate performed similarly to several single-
resolution surrogates, indicating limited trade-offs between the surrogate's broad spatial applicability and its
performance. Model surrogates are a promising tool for the global hydrological modeling community, given
their potential benefits in reducing computational demands and enhancing calibration. Accordingly, our
framework provides an excellent foundation for the community to create their own multi-scale deep-learning
global hydrological model surrogates.

1. Introduction

Global hydrological models are important decision support tools for policy-making in today's water-scarce world.
Emerging around the turn of the 21st century, global hydrological models initially stemmed from land-surface
models (M. F. Bierkens, 2015). While land-surface models primarily focus on estimating vertical water and
energy fluxes at the Earth's surface to support general circulation models, global hydrological models distinguish
themselves by decoupling from the general circulation models (Haddeland et al., 2011; Sood & Smakhtin, 2015).
Instead, they focus on better representation of lateral river streamflow and the impacts of human activities on the
water resources. These human activities encompass a range of factors, such as water abstractions for irrigation,
domestic, industrial, energy, and livestock use, as well as water redistribution through reservoir storage and
release (Alcamo et al., 2003; Doll & Siebert, 2002; Hanasaki et al., 2006; Wada et al., 2011). As a result, global
hydrological models allow us to assess worldwide water management and scarcity. Moreover, owing to their
process-based nature, these models can project worldwide water resources under various climate-change and
socio-economic scenarios (Haddeland et al., 2014; Schewe et al., 2014; Vorosmarty et al., 2000). These scenario
analyses provide essential information to underpin future sustainable development and water management.

However, efforts to improve worldwide water assessments have dramatically increased the computational de-
mands of global hydrological models. For example, global hydrological models have increasingly turned to sce-
nario projections and ensemble forecasting analyses to better capture the inherent uncertainties in water-resource
projections (Hut et al., 2021; Warszawski et al., 2014). These analyses can encompass a large number of simu-
lations, including several climate-change and socio-economic scenarios, a variety of general circulation models
and a multitude of initial states. Furthermore, the spatial resolution of global hydrological models has transitioned
from approximately 60 arc-minute (about 10,000 km?) to approximately 30 arc-second (about 1 km?) to better
incorporate landscape heterogeneity and provide more detailed local information (M. F. Bierkens et al., 2015;
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Wadaetal.,2017; Wood et al.,2011). Consequently, global hydrological models are now pushing the boundaries of
what can be feasibly achieved with current computational resources.

In addition, global hydrological model calibration efforts to better align model simulations with observations have
proven to be difficult. Not only are iterative calibration techniques computationally demanding, but hydrological
observations (e.g., discharge) are sparse and unequally distributed across the globe. Therefore, model calibration
often results in a discontinuous patchwork of model parameter combinations (Yang et al., 2019), biased toward
areas where observations are available. Furthermore, parameters are often scale-dependent and cannot directly be
applied at other spatial resolutions (Samaniego et al., 2017; Wood, 1997). Although transfer functions have been
used to derive scale-specific calibration parameters (Mizukami et al., 2017; Samaniego et al., 2010), their per-
formance is limited by the function and parameter selection, as determined by experts. Therefore, improving
worldwide water assessments remains challenging.

To address these issues, deep-learning approaches have recently gained prominence in the hydrological com-
munity (Pal & Sharma, 2021; Shen, 2018; Sit et al., 2020). In particular, deep-learning approaches using Long-
Short Term Memory (LSTM) networks (Hu et al., 2018; Kratzert et al., 2018) to predict observed hydrological
fluxes such as discharge based on meteorological forcings and catchment characteristics. Studies have demon-
strated that these approaches can match and even surpass the performance of conceptual and process-based
hydrological models in predicting observed discharge, even in ungauged basins (Kratzert et al., 2019a,
2019b). Moreover, while training these deep-learning networks can be time-consuming, their prediction speeds
far outpace those of process-based models.

Nevertheless, there are two major drawbacks to deep-learning approaches that are based on (semi-)observed data
(i.e., without integrating physics). First, predictions from such pure data-driven approaches are limited to
available observable hydrological states and fluxes that can be included during training. Therefore, these ap-
proaches provide only a limited view of the (spatially distributed) water balance. For example, LSTMs trained to
predict discharge at the catchment outlet cannot simultaneously provide (spatially distributed) evapotranspiration
and groundwater storage, as observations for these components do not exist. Second, predictions from such pure
data-driven approaches are limited to the historical context in which they are trained. Deep-learning approaches
tend to exhibit erratic behavior outside their training conditions. Therefore, these approaches prove inadequate for
water-resource projections, especially under non-analogous future climatic conditions due to climate change and
human water management shifts due to socio-economic developments.

To avoid these drawbacks, deep-learning and process-based approaches are increasingly being integrated (Feng
et al., 2022; Hoge et al., 2022; L. Sun et al., 2020; Shen et al., 2023; Wang et al., 2024). One of these integration
methods is the development of deep-learning surrogates that emulate process-based model simulations. From a
deep-learning standpoint, these surrogates mitigate the downsides of deep-learning approaches that are based on
observations because they provide a complete view of the water balance and, if trained on non-historical sim-
ulations, can extrapolate beyond the historical context. From a process-based standpoint, these surrogates can
reduce the computational demands as their simulation speed far outpaces that of process-based models. However,
more importantly, these surrogates enable novel calibration and assimilation approaches that incorporate ob-
servations (Gong et al., 2015; Shen et al., 2023; Tang et al., 2020). Therefore, although the deep-learning sur-
rogate inherits the shortcomings of the process-based model, it enables improved hydrological assessments
through faster (i.e., more detailed and numerous) simulations and better calibration.

Although deep-learning surrogates hold promise for both deep-learning and process-based communities, their
application to global hydrological models remains limited. Two critical components are required in a deep-
learning surrogate framework in order to be effective for global hydrological models. First, whereas many sur-
rogates predominantly focus on estimating natural vertical water states and fluxes (e.g., soil moisture and
evapotranspiration), global hydrological model surrogates should explicitly include lateral water fluxes (e.g.,
runoff routing) and their interaction with human activities (e.g., abstractions). Second, whereas many surrogates
are only trained at a single spatial resolution, limiting their deployment to that spatial resolution, global hydro-
logical model surrogates should be deployable at the diverse range of spatial resolutions at which global hy-
drological models are applied.

The objective of our study is to develop a framework for multi-resolution deep-learning global hydrological
surrogates. Our framework is characterized by two features. First, the architecture of our surrogate explicitly
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Figure 1. Overview of the surrogate framework, representing a single cell from a process-based global hydrological model.
The surrogate is split into a and-surface and a routing component that each consist of a neural network. During prediction,
land-surface and routing networks are processed sequentially where the required land-surface hydrological fluxes are used as
inputs for the routing network.

integrates spatially distributed runoff routing, including lake outflow and reservoir operation. This runoff-routing
integration, allows us to estimate surface water availability and, in turn, human water abstractions throughout the
river basin. Second, the training of our surrogate is adapted to include multiple spatial resolutions, spanning from
30 arc-minute to 30 arc-second. This training strategy allows the surrogate to learn to scale across different
resolutions, a characteristic that is useful during application and calibration.

To assess the performance of this multi-resolution deep-learning global hydrological surrogate framework, we
apply it to the process-based PCRaster Global Water Balance (PCR-GLOBWB) global hydrological model
(Sutanudjaja et al., 2018; van Beek & Bierkens, 2009; van Beek et al., 2011). PCR-GLOBWB simulates the
natural water cycle, including processes like evapotranspiration, runoff, and groundwater recharge, as well as
human water abstractions for various purposes, such as domestic, irrigation, and industrial use. Performance is
determined by comparing the deep-learning surrogate outputs to the process-based model outputs.

2. Methods

Our surrogate's primary objective is to reproduce the same outputs (e.g., hydrological states and fluxes) as any cell
in the process-based model when provided with the same inputs (e.g., meteorology and parameters) as the
process-based model. To incorporate integrated and spatially distributed runoff routing, our surrogate framework
comprises of a land-surface and a routing component (Section 2.1). Each component predicts a daily time series of
its respective hydrological states and fluxes using a neural network, primarily consisting of a LSTM layer
(Section 2.2). Each network is trained and evaluated independently (Section 2.3) using data from three distinct
PCR-GLOBWRB simulations at different spatial resolutions (Section 2.4).

2.1. Surrogate Framework

Our surrogate represents a single cell from a process-based global hydrological model (i.e., a single surrogate for
all cells). The surrogate is split into a land-surface and a routing component that each consist of a neural network
(Figure 1). The land-surface network estimates vertical (within-cell) hydrological states and fluxes, such as
evapotranspiration, runoff, abstraction and subsurface water storage components. The routing networks estimate
lateral (between-cell) hydrological states and fluxes, such as discharge and surface water storage components.

A single land-surface network and three routing networks for rivers, lakes and reservoirs were trained. These three
routing networks were necessary as river, lake and reservoir routing possess distinct and challenging charac-
teristics that are not easily captured in a single network. Particularly, reservoir operations were difficult to capture,
as these operations are determined based on complex relationships with the historical reservoir inflow. Thus,
depending on the cell, the routing network can be exchanged to represent a river, lake or reservoir routing.
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Figure 2. Overview of the surrogate processing order. During prediction, surrogate cells are processed in upstream-to-
downstream order following the basin flow direction. Depending on the cell, the routing network can be exchanged to
represent a river, lake or reservoir routing. Lake and reservoir waterbodies are processed when the routing network reaches
their outflow cell.

Although the land-surface and routing networks could be combined, this approach has two notable disadvantages.
First, the routing network performance would trade-off with the land-surface network performance. This trade-off
is important as routing errors will accumulate throughout the river basin. Second, maintaining separate land-
surface and routing networks allows for more flexibility in application, where poorly performing networks
(e.g., the reservoir network) could be replaced by other models (e.g., conceptual models).

The surrogate's land-surface and routing networks are interdependent, as routing requires land-surface hydro-
logical fluxes such as runoff and abstraction (Figure 1). Therefore, the land-surface and routing networks are
processed sequentially within our surrogate. The land-surface network is processed first, after which the required
hydrological fluxes are used as inputs for the routing network. Note that the land-surface and routing networks are
trained separately (i.e., not sequentially) using hydrological fluxes from the process-based model as inputs
(Section 2.3).

In addition, the surrogate cells are interdependent, as routing requires discharge fluxes from upstream cells
(Figure 2). Therefore, cells are processed in upstream-to-downstream order according to the basin flow direction.
Discharge fluxes from the upstream surrogates are used as inputs for the downstream surrogate. As lakes and
reservoirs can cover multiple cells, not all land-surface hydrological fluxes are immediately available. Therefore,
lakes and reservoirs are processed when the basin flow direction reaches their outflow cell. Note that the cells are
trained separately (i.e., not upstream-to-downstream) using discharge fluxes from the process-based model as
inputs (Section 2.3).

2.2. Network Architecture

The surrogate land-surface and routing networks consist of a series of neural layers with, at their core, a LSTM
layer (Figure 3). LSTMs, introduced by Hochreiter and Schmidhuber (1997) and further refined by Gers
et al. (2000), are specialized in handling sequential information. Like other Recurrent Neural Networks (RNNs)
(Salehinejad et al., 2017), LSTMs maintain an internal (or hidden) state (or memory) that updates throughout the
sequence to incorporate prior information. This state and the current sequence inputs then predict the current
sequence output. Unlike other RNNs, LSTMs are better at retaining their internal state over long sequences and

LSTM state

Ty T

< B 4 N
=
=
. . Fully- g Long-Short Fully- . .
Input time series | [T connected | A& Term Memory connected Output time series
(mini-batch) laver e egier layer (mini-batch)
\- % . J

Figure 3. Overview for the land-surface and routing networks. Each network, primarily consists of an Long-Short Term
Memory (LSTM) layer, preceded by a Rectified Linear Unite activation layer and enclosed by fully-connected layers. The
networks are provided with time series at a daily timestep. Inputs comprise mini-batches that are provided to the model
sequentially in time. Between batches, the LSTM state is transferred to maintain continuity.
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find extensive use in time-series prediction tasks with long-range dependencies (Hochreiter & Schmid-
huber, 1997). Therefore, the LSTM architecture suits hydrological applications well.

As our networks mainly use an LSTM, our deep-learning surrogate, like its process-based counterpart, is
essentially a time-series predictor similar for each cell in the domain. Note that lake and reservoir routing net-
works also predict time series but for the lake and reservoir entity as a whole, even though the waterbody area can
cover multiple cells (see Section 2.1). The surrogate is provided with input time series at a daily timestep and
predicts daily output time series. Static, monthly and yearly inputs are repeated for each relevant timestep in the
time series. The land-surface and routing networks thus learn the delays (and processes) associated with each
hydrological state and flux.

However, global hydrological models contain many highly non-linear interactions, especially those related to
human activities. Therefore, the LSTM layer is preceded by a Rectified Linear Unit (ReLu) activation layer and
enclosed by fully-connected (linear) layers in our network. These additional layers are essential for learning
complex mappings between inputs and outputs and better capture non-linear interactions in the simulation.
Additionally, these layers help translate between the LSTM value space (ranging from —1 to 1) and the output
value space (ranging from —oo to o0). The various network hyperparameters, such as the number and size of the
layers, are optimized as outlined in Appendix A.

2.3. Training and Prediction

Each surrogate network is trained independently from the others, meaning all hydrological fluxes transferred
between networks during prediction (e.g., upstream discharge, runoff and abstraction) are taken directly from the
process-based model outputs. Training is done on a small subset of the available process-based model outputs (see
Section 2.4). The network's weights and biases are updated using the Adam algorithm (Kingma & Ba, 2014) to
minimize the Mean Squared Error (MSE) difference between the network's predictions and the model outputs in
the training subset. However, the best-performing network is selected based on the MSE difference between the
network's predictions and the model outputs in a separate validation subset, to avoid overfitting to the training
subset.

Training is done in mini-batches comprising several cells over a certain period (Figure 3). These mini-batches are
presented to the surrogate sequentially in time. The initial mini-batch initializes (or spins up) the LSTM's internal
state. Therefore, the network's predictions for this initial mini-batch are not included in the MSE calculation. For
subsequent mini-batches, the LSTM's internal state is transferred between batches to maintain continuity and help
the LSTM learn long-range (i.e., across batch) dependencies in the data. The various training hyperparameters,
such as the mini-batch size and the learning rates, are optimized as outlined in Appendix A.

To test the surrogate's ability to scale across spatial resolutions, four different surrogates are trained using data at
different spatial resolutions (see Section 2.4). The main surrogate is a multi-resolution surrogate trained on a third
of the available data for each spatial resolution. Besides the multi-resolution surrogate, three single-resolution
surrogate variants are trained on all the data of a single spatial resolution. These surrogate variants are trained
to allow for a performance comparison between the multi-resolution surrogate and specialized single-resolution
surrogates at each resolution.

During prediction, the network ceases to update its weights and biases, significantly reducing computation times.
First, an initialization run over the whole period is performed, at the end of which the internal state of the LSTM is
stored. The initialized internal state is subsequently used for the LSTM during the actual prediction. This long
initialization period is especially important for storage components with long residence times such as ground-
water and reservoir stores.

Note that, during prediction, discharge is calculated based on the network's predicted surface water storage
changes. This approach was taken as the highly skewed discharge data required a log transformation before
training. Although this transformation greatly improves the network's performance, minor prediction errors at the
high end of the log-transformed discharge will result in major prediction errors in the untransformed discharge.
These errors resulted in cases where discharge became inconsistent and violated the water balance (i.e., discharge
would decrease and increase substantially along the river flow path) near the river mouth.
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Table 1

Available Samples, Total and for Each Subset, for Each Network and Resolution

30 arc-minute

5 arc-minute

30 arc-second

samples samples samples

Network #) #) #)
Land-surface 8,407 (12.50%) 16,602 (0.78%) 32,689 (0.20%)

training (50.0% of total) 4,204 8,301 16,345

validation (16.7% of total) 1,401 2,767 5,448

test (33.3% of total) 2,802 5,534 10,896
River routing 7,145 (12.50%) 16,005 (0.78%) 31,950 (0.20%)

training (50.0% of total) 3,576 8,005 15,978

validation (16.7% of total) 1,189 2,666 5,324

test (33.3% of total) 2,380 5,334 10,648
Lake routing 560 (25.00%) 680 (25.00%) 45 (25.00%)

training (50.0% of total) 283 343 24

validation (16.7% of total) 92 112 7

test (33.3% of total) 185 225 14
Reservoir routing 708 (25.00%) 1,580 (25.00%) 292 (25.00%)

training (50.0% of total) 356 793 149

validation (16.7% of total) 117 262 47

test (33.3% of total) 235 525 96

Note. The multi-resolution surrogate is trained using only a third of the available samples for each resolution.

2.4. Data

To train and evaluate our surrogate, input and corresponding output data from three distinct PCR-GLOBWB
simulations between 2000 and 2010 are used. A full list of all PCR-GLOBWB inputs and outputs can be found
in Text S1 in Supporting Information S1. These simulations were derived from previous studies and cover various
spatial domains and resolutions: a global 30 arc-minute simulation (van Beek et al., 2011), a global 5 arc-minute
simulation (Sutanudjaja et al., 2018), and a European 30 arc-second simulation (Hoch et al., 2023). Together these
simulations cover the wide range of spatial resolutions at which global hydrological models are typically applied.

Besides their spatial domain and resolution, the simulation inputs are also not standardized and differ substan-
tially. For instance, the 30 arc-minute simulation contains two natural land-cover types, uses the Food and
Agriculture Organization of the United Nations (FAO) Digital Soil Map of the World (DSMW) data set for its soil
parameters (FAO, 1998) and is forced by the European Centre for Medium-Range Weather Forecasts (ECMWF)
Reanalysis—Interim (ERA-Interim) data set (Dee et al., 2011) whereas the 30 arc-second simulation contains just
one natural land-cover type, uses the SoilGrids250 data set for its soil parameters (Hengl et al., 2017) and is forced
by the WATCH Forcing Data methodology applied to ERAS data (W5ES) data set (Cucchi et al., 2020).
Nevertheless, the deep-learning surrogate should be able to accommodate these differences effectively as the
processes in the simulations are consistent.

Only a subset of the PCR-GLOBWB model simulation data is used (Table 1). For the land-surface network, 1 out
of 8 (12.50%), 128 (0.78%), and 512 (0.20%) cells are randomly selected for the 30 arc-minute, 5 arc-minute, and
30 arc-second resolutions, respectively. At each spatial resolution increment, the selection fraction decreases.
This selection approach is necessary to prevent an excessive number of cells for the higher-resolution simulations,
thus avoiding an overly strong training bias toward these simulations. However, the subset size still roughly
doubles for each increment, to incorporate the greater input and output variability in the higher-resolution sim-
ulations. The influence of the subset size on the model's performance is assessed in Appendix C.

For the routing networks, simulation outputs are highly skewed, especially at higher resolutions, as rivers take up
a small proportion of the total cells in the simulation. Therefore, routing cells are systematically selected for a

DROPPERS ET AL.

6 of 18

85U8017 SUOWILLIOD 8AIERID 3|qeal|dde au Aq peusenob ase SajoiLe YO ‘88N JO s8N oy Aeiq18ulUQO /8|1 UO (SUONIPUCD-PUe-SWLB)/L0D A8 | IM"Ake.q 1 [pul [UO;/:SdL) SUOTIPUOD pue SWe | 8Y) 89S *[5Z02/S0/T0] o Akl auljuo A8|IM ‘9E2E08MZ02/620T 0T/10pwod Ao | m Aselq puljuo'sgndnBie//:sdny woiy pepeojumod ‘v ‘520z ‘SL6./ 76T



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Water Resources Research 10.1029/2024WR037736

more uniform discharge distribution. Cells are divided into 5 equal-magnitude discharge bins for each resolution.
Subsequently, the same number of cells were selected for each bin, if possible. The river routing network uses the
same fractions as the land-surface network. For the lake and reservoir routing networks, 1 out of 4 cells (25%) is
selected for all resolutions as these cells represent individual lakes and reservoirs, whose count does not sub-
stantially increase at higher resolutions.

The subset is further subdivided into a training set, a validation set, and a test set (without cross-validation).
Jointly, The training and validation sets encompass two-thirds of the subset, with three-quarters allocated to the
training set and one-quarter designated for the validation set. Additionally, these sets encompass only the first
two-thirds of the temporal sequence, approximately 7 years. The training and validation sets are employed in
updating the networks' weights and biases and selecting the best performing networks (see Section 2.3). The test
set constitutes the remaining one-third of the subset, encompassing all time steps. This independent set is
exclusively deployed post-training to gauge and compare the model's performance across both space (i.e., for
samples beyond those used during training) and time (i.e., for time steps not included in the training process).

3. Results

To evaluate our surrogate framework, we use it to develop a multi-resolution deep-learning surrogate for the
process-based global hydrological model PCR-GLOBWB. The surrogate's performance and generalization are
assessed by comparing the deep-learning surrogate outputs to the process-based model outputs on a test data set
that contains samples and periods not used during training (Section 3.1). In addition, the surrogate's ability to scale
across resolutions is assessed by comparing the multi-resolution surrogate to several single-resolution surrogate
variants (Section 3.2). Lastly, the deep-learning surrogate is used to predict over the whole domain and its spatial
and computational performance is compared with that of the process-based model for each spatial resolution
(Section 3.3 and 3.4).

3.1. Performance and Generalization

The deep-learning surrogate performed well in capturing the process-based model output variables (Figure 4,
Figure S1 and Table S1 in Supporting Information S1). Over all samples and variables of the test data set, the
surrogate has a median Kling-Gupta Efficiency (KGE) (Gupta et al., 2009) of 0.50 (with a correlation of 0.83,
variability ratio of 0.95 and bias ratio of 0.98) when compared with the process-based model. Moreover, time
series of sample-average discharge, runoff, evapotranspiration and abstraction generally show good temporal
agreement between the deep-learning surrogate and the process-based model.

However, substantial performance differences can be discerned between the output variables. Over all samples
and variables, the surrogate has a KGE interquartile range of 1.18 (with a range for correlation of 0.56, variability
ratio of 0.57 and bias ratio of 0.39). More specifically, median KGEs range from >0.8, for upper soil storage,
upper transpiration, bare soil evaporation and interception evaporation variables to <—1, for desalinization
abstraction, fossil groundwater storage and (fossil) groundwater abstraction variables. These differences are
likely determined by the complexity of the processes the variable represents and the variable data distribution (see
Discussion section).

Nevertheless, the surrogate developed in this study has a similar performance compared to surrogates from other
studies. For example, Tsai et al. (2021) use an LSTM to predict simulated surface soil moisture and evapo-
transpiration with a correlation of 0.91 and 0.92, respectively, whereas our surrogate shows a correlation of 0.93
and 0.97, respectively.

3.2. Scaling Across Spatial Resolutions

Additionally, the deep-learning surrogate performs well in capturing the process-based model outputs at various
spatial resolutions (Figure 5). The surrogate performs best on the high-resolution 30 arc-second test data set
(including all output variables) with a median KGE of 0.61, followed by the medium-resolution 5 arc-minute and
the low-resolution 30 arc-minute test data sets with median KGEs of 0.38 and 0.24, respectively.

Notably, the multi-resolution surrogate performance, trained on a third of the training and validate data sets of
each resolution, is similar to that of the single-resolution surrogate variant, trained on the full training and validate
data sets of a single resolution, for each resolution. Although the multi-resolution surrogate performs worse,
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Figure 4. Deep-learning surrogate performance measured on the test data set. The top figure shows Kling-Gupta Efficiency
(KGE) (—) distributions for all land-surface and routing surrogate output variables. The bottom figure shows process-based
model and deep-learning surrogate time-series of sample-average discharge (m® s™"), runoff (mm d™"), evapotranspiration
(mm d~') and abstraction (mm d~"). Note that the bottom figure time-series are a combination of multiple variables that have
been indicated in bold in the top figure. Nash-Sutcliffe Efficiency (NSE), Root Mean Squared Error (RMSE) and Mean
Absolute Error (MAE) performances can be found in Figure S1 and Table S1 in Supporting Information S1.

differences are small with single-resolution surrogate variant median KGEs of 0.69, 0.49 and 0.35 for the 30 arc-
second, 5 arc-minute and 30 arc-minute test data sets, respectively. Moreover, where the multi-resolution per-
forms well on all spatial resolutions, the single-resolution surrogate variants perform poorly on test data sets from
other spatial resolutions than the resolution they are trained on.

3.3. Integrated Predictions

When predicting over the full simulation domain (including the training, validation and test samples), the deep-
learning surrogate shows good spatial agreement with the process-based model outputs (Figures 6 and 7 and
Figures S1 to S15 in Supporting Information S1). For the average discharge, the surrogate has a spatial efficiency
(SPEAF) (Koch et al., 2018) 0f 0.89, 0.91 and 0.97 (Pearson correlation of 1.00, 1.00 and 0.97, variability ratio of
1.11, 1.10, 1.01 and histogram intersection of 0.99, 0.99 and 0.98) when compared with the process-based model
outputs at 30 arc-minute, 5 arc-minute and 30 arc-second, respectively.

As routing is done sequentially, errors in routing inputs (i.e., upstream routing outputs and land-surface inputs)
and inaccuracies in the routing network accumulate throughout the basin. Therefore, absolute discharge
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Figure 5. Deep-learning surrogate resolution performance measured on the test data set (including all outputs). The figure
shows KGE (—) cumulative density for the multi-resolution surrogate and various single-resolution surrogate variants on the
30 arc-minute, 5 arc-minute and 30 arc-second test data sets.

differences at the river mouth are generally larger than at the river origin. Nevertheless, the median Nash-Sutcliffe
Efficiency (NSE) (Nash & Sutcliffe, 1970) at the mouth of major rivers (i.e., basin area >50 000 km?) is 0.99, 0.96
and 0.73 when compared with the process-based model outputs at 30 arc-minute, 5 arc-minute and 30 arc-second,
respectively.

This routing performance is in line with routing surrogates from other studies. For example, Gu et al. (2020) use
an LSTM with a K-means clustering algorithm to predict simulated discharge at the basin outflow point based on
simulated upstream runoff with an NSE of 0.97, similar to our surrogate. Moreover, due to the routing approach in
our surrogate framework, discharge routing is consistent and spatially distributed throughout the river basin and
explicitly includes lake outflow and reservoir operation.

3.4. Computational Demand

In terms of runtime, the deep-learning surrogate is at least an order of magnitude faster than the process-based
model (Table 2). Runtimes improved from approximately 50 psec cell™! year™' for the process-based model
to 3 psec cell™! year™ for the surrogate. Note, however, that this comparison is relatively crude, as the deep-
learning surrogate and process-based model run on different hardware (Central Processing Unit vs. Graphics
Processing Unit) and their implementation is different. When considering the actual number of operations being
done, the number needed to process a single land-surface cell in the deep-learning surrogate exceeds that of the
process-based model by several orders of magnitude, with approximately 2 million and 10 thousand point op-
erations, respectively. Despite this difference, the computational optimizations provided by the GPU still ensure a
faster runtime for the surrogate.

4. Discussion

Using our newly developed framework, we show that deep learning can effectively be harnessed to develop multi-
resolution global hydrological model surrogates. The surrogate framework explicitly integrates hydrological
states and fluxes, including the human impacts on water resources, such as water abstractions and reservoir
operations, and spatially distributed runoff routing. In addition, we show that, by training the surrogate at multiple
spatial resolutions, the surrogate can effectively scale its predictions across spatial resolutions as well. Therefore,
our framework constitutes the first deep-learning surrogate framework that can be used to emulate global hy-
drological models.

From our results, two main implications can be derived. First, although our surrogate can capture the spatial and
temporal distributions of the process-based model output variables, performance strongly depends on the process
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Figure 6. Comparison of average discharge (m> s™") between the process-based model and the deep-learning surrogate for the
30 arc-minute and 5 arc-minute data resolutions. The top figure shows the worldwide 5 arc-minute process-based model
results and the bottom figures show deep-learning surrogate results, and their differences, for several regions at multiple
spatial resolutions. Note that discharge values are squared to better display the wide range of discharges. Worldwide
comparisons of discharge (including distributed NSE values), runoff, evapotranspiration and abstraction can be found in
Figures S2 to S15 in Supporting Information S1.

complexity. Generally, variables representing simple processes are better predicted than those representing
complex processes. For example, the best-performing variable, interception evaporation, is strongly independent
and highly correlated to inputs such as precipitation. Conversely, the worst-performing variable, fossil
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Figure 7. Comparison of average discharge (m” s~') between the process-based model and the deep-learning surrogate for the 5 arc-minute and 30 arc-second data

resolutions. The top figure shows the European 30 arc-second process-based model results and the bottom figures show deep-learning surrogate results, and their
differences, for several regions at multiple spatial resolutions. Note that average discharge values are squared to better display the wide range of discharges. European
comparisons of discharge (including distributed NSE values), runoff, evapotranspiration and abstraction can be found in Figures S2 to S15 in Supporting
Information S1.
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Table 2 groundwater abstraction, depends on a complex chain of other processes.

Runtimes of the Deep-Learning Surrogate and the Process-Based Model

Deep-learning surrogate Process-based model

runtime runtime

(psec cell ™! year™) (psec cell ™! year™")

Land-surface only 1.90 (£0.49)
Routing only 0.78 (£0.15)
Fully integrated 2.81 (£0.49) 52.47 (£64.69)

Note. Values are based on simulations from a single 30 arc-minute domain
and multiple (53) 5 arc-minute domains. Simulations were run on a single
Central Processing Unit (CPU) for the process-based model and a single
Graphics Processing Unit (GPU) for the deep-learning surrogate.

Besides process complexity, data distribution plays an important role in
variable performance. Highly skewed data distributions are generally pre-
dicted worse as outliers are poorly represented during training. For
example, variables such as desalination abstraction or fossil groundwater
storage which are near zero in most locations, perform relatively poorly.
Nevertheless, not all output variables contribute to the total water bal-
ance with the same magnitude. Therefore, surrogate application should
depend on the performance of the water balance components of interest or the
training objective should be weighted to improve performance for these
components.

Second, multi-resolution training is essential for deep-learning surrogates to
capture the process-based model's underlying processes. Although these
processes are theoretically resolution-independent, the surrogate variants

trained at only a single resolution show poor performance when applied to other resolutions. These results

indicate that the underlying processes are often obfuscated in the process-based output at a single spatial reso-
lution. As a result, single-resolution surrogate variants are learning input-output relationships that are based on
correlations rather than actual processes (i.e., overfitting). Although the multi-resolution surrogate is trained on

less data, the surrogate can use the information learned from a specific resolution for the other spatial resolutions

as well with minimal losses in performance. Therefore, there is only a limited trade-off between the broad spatial

applicability of the multi-resolution surrogate and its performance.

Although our framework incorporates essential components for global hydrological model surrogates, our
approach has important caveats. Most importantly, our approach does not allow for neighborhood operations.

As cells are processed upstream to downstream the surrogate can, at most, only process information from the

current and upstream cells. Although neighborhood operations exist in the PCR-GLOBWB model, most
notably in the water allocation scheme, the surrogate can only approximate such operations. To incorporate
neighborhood operations, there are possibilities to use a Convolutional Neural Network (CNN) in combination
with the LSTM network, as shown in several other studies (Li et al., 2023; R. Sun et al., 2023; Wang
et al., 2024). However, as most global hydrological model operations occur on a cell-by-cell basis and the CNN

resolution is fixed, the performance, accuracy and multi-resolution capabilities of CNN networks should be

further explored.

Another caveat of our approach is the substantial storage requirements of (high-resolution) predictions. Although
our surrogate reduces computational resources, the surrogate requires inputs transformed to a different format, the

Tensor format, and structure, upstream to downstream. Therefore, these inputs need to be restored. There are

several ways to reduce storage requirements (and runtimes) that were neglected in our study to maintain the best

resemblance between the process-based model and its surrogate. Feature importance analysis can determine
important input features for surrogate predictions (see Appendix B). Based on this analysis, unimportant input
features can be omitted, reducing storage requirements for similar model performance. Furthermore, experiments
can be done to see whether temporally aggregated (e.g., weekly instead of daily) inputs are sufficient for
approximating coarser temporal-resolution (e.g., monthly) outputs. If sufficient, coarse temporal-resolution

predictions would require significantly less storage and runtime.

Nevertheless, deep-learning global hydrological model surrogates can enable substantial water resource
assessment improvements. Note that these surrogates will likely not (yet) replace process-based models.

Although deep-learning surrogates perform well in capturing the process-based model outputs, they remain an

approximation. Moreover, surrogates cannot be deliberately developed. If any new processes need to be intro-

duced, they should first be incorporated into the process-based model and the deep-learning surrogate will

subsequently need to be (re-)trained. Rather than replacing process-based models, deep-learning surrogates can
help improve process-based models and their applications.

In particular, we see three major use cases to improve worldwide water resource assessments. First, deep-learning

surrogates can help capture the uncertainties in water resource assessments by providing hydrological approxi-

mations where process-based models are too computationally intensive. An example would be to use surrogates
for ensemble forecasting approximations (Kuehnert et al., 2022). As ensemble forecasting requires a high number
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of (recurring) simulations, deep-learning surrogates could replace process-based models to enable a larger
number of simulations. These ensemble approximations could inform the forecasting uncertainty range or identify
important scenarios or periods for which a more computationally demanding process-based model simulation
should be done.

Second, deep-learning surrogates can help improve process-based model performance by enabling hybrid
simulation approaches. Within PCR-GLOBWB, the kinematic wave routing implementation substantially in-
creases runtimes (Sutanudjaja et al., 2018). However, since the surrogate's routing networks act as stand-alone
parts of the surrogate, these networks could be integrated into the process-based model to replace the current
computationally expensive routing implementations. In addition, deep-learning reservoir operation surrogates
(Zhang et al., 2018) that better capture observations could be used to replace the default reservoir operation
scheme in the process-based model.

Third, deep-learning surrogates can help improve simulation accuracy by incorporating observations through
calibration and assimilation. Deep-learning surrogates are differentiable (Shen et al., 2023), meaning they allow
for calculating gradients between output errors (i.e., differences between simulations and observations) and
surrogate weights, biases and inputs. Based on these gradients, surrogate weights, biases and inputs can be
adjusted to better match the observations. For example, parameter learning (Tsai et al., 2021) uses these gradients
to train another neural network to map from better-known physical inputs to poorly-known calibration parameters
without the need for a priori definition of transfer function form. These calibrated parameters can subsequently
also be used for the process-based model.

Given these use cases, we believe deep-learning multi-resolution surrogates are a promising tool for the global
hydrological community. As our framework is broadly applicable and flexible, it is suitable for a wide range of
other global hydrological models and thus provides an excellent foundation for the community to create their own
multi-scale deep-learning model surrogates.

5. Conclusions

Using our newly developed framework, we show that deep learning can effectively be harnessed to develop multi-
resolution global hydrological model surrogates. Our framework integrates spatially distributed runoff routing,
including lake outflow and reservoir operation, includes human activities, such as water abstractions, and can
scale across spatial resolutions. These components make our framework especially useful for global hydrological
models.

When applied to the PCR-GLOBWB global hydrological model, our deep-learning surrogate framework per-
forms well. Our surrogate has a median KGE of 0.45 when compared to all process-based model outputs, although
performance varies substantially between output variables. Moreover, our multi-resolution surrogate performed
similarly to several single-resolution surrogate variants, indicating limited trade-offs between the surrogate's
broad spatial applicability and its performance. Compared to the global hydrological model, surrogate predictions
show good temporal and spatial agreement with the process-based model and are at least an order of magnitude
faster.

Model surrogates are a promising tool for the global hydrological modeling community, given their potential
benefits in reducing computational demands and enhancing calibration. Accordingly, our framework provides an
excellent foundation for the community to create their own multi-scale deep-learning model surrogates.

Appendix A: Hyper-Parameters and Optimization

The deep-learning surrogate necessitates specifying various network-related parameters, referred to as hyper-
parameters. 10 hyper-parameters are optimized: the mini-batch sample size and date size, the transformation
function applied to the input and output data, the number and size of the pre-process linear layers before the
LSTM layer, the number of LSTM layers, the number and size of the post-process linear layers after the LSTM
layer, the learning rate and the dropout rate (Table A1). Note that the transformation function is only applied to
features with non-normally distributed data, as measured with the Fisher-Pearson coefficient of skewness
(Zwillinger & Kokoska, 2000), and that all input and output data was standardized after transformation. In
addition, during training, a cyclic learning rate schedule is used (Smith, 2017), whereby the learning rate cycles
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Table A1
Hyperparameters Used For the Land-Surface, River, Lake and Reservoir Networks

Land-surface River Lake Reservoir
Hyperparameter network network network network
Batch sample size 32 32 32 32
Batch date size 512 768 768 768
Transformation function sqrt log log +1 log
Pre-process linear layer number 1 1 1 1
Pre-process linear layer size 512 256 256 256
LSTM layers number 1 1 1 1
Post-process linear layers number 1 1 1 1
Post-process linear layers size 512 256 256 256
Learning rate le™ 5¢7° 57> le™
Dropout rate 0.15 0.15 0.2 0.7

Note. Log +1 indicates a value of one is added to the values before log transformation to decrease the logarithmic value range
at smaller values.

three times between an order of magnitude larger and an order of magnitude smaller than the specified learning
rate.

Determining the optimal combinations of model parameters is achieved through the Optuna hyper-parameter
optimization framework (Akiba et al., 2019). Initially, 128 randomly generated parameter combinations are
explored. Subsequently, the Tree-structured Parzen Estimator algorithm (Ozaki et al., 2020) is used to sample an
additional 320 parameter combinations, aiming to identify the optimal parameter combinations. Optimal pa-
rameters were identified based on the network performance after training. Only a subset of the training, validation
and test data sets were used to reduce optimization times: 1 out of 32 samples for the land-surface and river
routing data sets and 1 out of 8 samples of the lake and reservoir routing data sets.

Performance was measured by the MSE and the KGE for the land-surface network and the MSE and the KGE
variability ratio (KGE-alpha) for the routing networks. The KGE-alpha metric is used for the routing networks as
the surface water storage variability is the most important for calculating the discharge during prediction. Taking
into account the best-performing parameter combinations and the estimated parameter importance (see Appen-
dix B) a unique combination of hyper-parameters is determined for each network.

Appendix B: Feature Importance

To assess the importance of each input feature, a multitude of surrogate predictions are made with a permutation
to that input feature. After each prediction, the input feature importance is measured by comparing the surrogate
prediction with the unperturbed (original) surrogate prediction. Four permutations are used: the minimum value
over all samples, the maximum value over all samples, the mean value over all samples, time-shuffled values per
sample and substituted values from another sample. Importance is measured as the (min-max) Normalized Mean
Squared Error (NMSE) between the unperturbed and permuted surrogate output.

For the land-surface network, the meteorological inputs (i.e., precipitation, reference evapotranspiration and
temperature) are by far the most important (Figure B1). After the meteorological input features, the upstream
discharge land-cover fractions and land-cover evapotranspiration coefficients play a role. For the routing
network, the input feature importance is more distributed. Note that, many input features are provided both as a
flux and as the mean of the waterbody area. Generally, the runoff, upstream discharge, surface water abstraction
and surface water evaporation are roughly equally important for the routing network.
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Figure B1. Deep-learning surrogate feature importance measured on the test data set. Feature importance is based on an input
feature permutation analysis. Figure shows permutation Normalized Mean Squared Error (—) distributions for the most
sensitive land-surface and routing features.

Appendix C: Sample Size Sensitivity

To assess the deep-learning surrogate sensitivity to the number of training samples, five additional surrogates are
trained with various subsets of the original training and validation data sets. These subsets consist of a random
selection of 1 out of 2, 4, 8, 16 and 32 of all samples. After training, the surrogate's performance is measured on
the full test data set.

As the subset size increases, the deep-learning surrogate performance also increases (Figure C1). In the land-
surface network, the median KGE increases from 0.00 to 0.50 whereas the routing network KGE increases
from 0.09 to 0.52 between the 1/32 subset and the 1/1 subset. In addition, performance variability of the land-
surface network decreases from a KGE interquartile range of 1.92 to 1.25 between the 1/32 subset and the 1/1
subset. As the performance increases level off closer to the 1/1 subset, including more training and validation
samples will likely not result in substantial performance increases.
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