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Abstract. Climate change increases the risk of disastrous floods and makes intelligent fresh water management an ever more

important issue for society. A central prerequisite is the ability to accurately predict the water level in rivers from a range of

predictors, mainly meteorological forecasts. The field of rainfall runoff modeling has seen neural network models surge in

popularity over the last
:::
past

:
few years, but a lot of this early research on model design has been conducted on catchments

with smaller size and a low degree of human impact to ensure optimal conditions. Here we present a pipeline that extends5

the previous neural network approaches in order to better suit the requirements of larger catchments or those characterized by

human activity. Unlike previous studies, we do not aggregate the inputs per catchment, but train a neural network to predict

local runoff spatially resolved on a regular grid. In a second stage, another neural network routes these quantities into and along

entire river networks. The whole pipeline is trained end-to-end, exclusively on empirical data. We show that this architecture is

able to capture spatial variation and model large catchments accurately, while increasing data efficiency. Furthermore, it offers10

the possibility to interpret and influence
::
of

:::::::::
interpreting

::::
and

:::::::::
influencing

:
internal states due to its simple design. Our contribution

helps to make neural networks more operations-ready in this field and opens up new possibilities to more explicitly account for

human activity in the water cycle.

1 Introduction

As one of the most frequent and destructive natural disasters, floods are expected to become more common due to climate15

change (Bevacqua et al., 2021) and more hazardous as the worldwide population in high risk areas is likely to increase (Kam

et al., 2021). Heavy precipitation is expected to become more frequent, which will increase flooding risks (Gründemann

et al., 2022). Europe is becoming increasingly
::::
more

:
vulnerable to flooding due to large-scale atmospheric patterns that lead to

widespread precipitation extremes (Bevacqua et al., 2021) and certain landscape properties. This study focuses on river floods

in central Europe, where heavy precipitation and snowmelt
:::::
snow

::::
melt are driving the expansion of flood-impacted areas (Fang20

et al., 2024). Accurate prediction of such events is the foundation for creating resilience and preventing material damages,

displacement of people
:
, and loss of human lives. The field of hydrological research concerned with predicting river levels from

meteorological variables is called rainfall streamflow modeling1. The aim is to capture the process how
::
by

:::::
which

:
precipitation

feeds into rivers and other bodies of water. Predicting runoff, i.e. the amount of excess precipitation being drained away on the

1Another commonly used term is rainfall runoff modeling. As this paper aims to predict stream flow
:::::::
streamflow in rivers, we decided to use the more

specific term rainfall streamflow modeling, but we will use rainfall runoff modeling to refer to the general literature.
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surface, requires modeling different processes that take place inside or right above the ground, such as evaporation and seepage.25

It hinges on keeping some record of the state of the surface, e.g. the amount of precipitation in the last days or how much water

is stored as snow during winter season. These processes are highly localized, and as a next step, the resulting local runoff

needs to be converted into streamflow along a network of rivers. This modeling step is called routing. There is a large body of

research employing
:::
that

::::::::
employs (conceptually simplified) physical models for both these tasks (Beven, 2012). Furthermore,

models based on neural networks have increasingly been proposed in recent years, e.g. Kratzert et al. (2018); Nearing et al.30

(2024). We build upon this line of work by introducing a neural network that performs both local rainfall-runoff modeling

on a regular grid and routing along the river network to predict streamflow
:::
time

::::::
series measured at river gauges. All of this

is learned
:::
The

:::::
model

::
is
::::::
trained

:::
to

::
do

::::
this in a data-driven, end-to-end fashion. Here, we present a

:::
This

:
spatially distributed

modeling framework , more versatile than other neural networks as it captures the
::
is

::::
able

::
to

::::::
capture

:
spatial co-variability of

the input features,
::::::
thereby

:
enhancing prediction accuracy in larger basins (Yu et al., 2024). This approach

:
It
::::
also

:
allows for35

controllability and scientific discovery, and it is ready to scale to higher spatial and temporal resolution.

The following Section 2 discusses in detail which types of neural networks have been considered for rainfall runoff prediction

and routing, and explain
:::::::
explains our contribution to this ongoing field of research. In Section ?? we describe our model

architecture and
:
3

::
we

:
introduce a novel, publicly available dataset for spatially resolved rainfall streamflow modeling in five

river basins in Germany and neighboring countries
:
,
:::
and

:::
we

:::::::
describe

:::
our

::::::
model

:::::::::
architecture

:::
in

::::::
Section

:
4. Section 5 presents the40

main results from the experiments. Section 6 concludes with a brief outlook onto future directions, highlighting the influence

of human activity.

2 Related Work

We start this section by introducing a classification scheme for rainfall streamflow models. This scheme will allow us to keep

an overview
::::::
provide

::::::::::
orientation as we subsequently present previous work on neural networks in rainfall runoff modeling in45

general, and spatially resolved processing and routing in particular. We carve out how our approach is different and end this

section with an overview over this paper’s contributions.

2.1 Typology of Rainfall Runoff Models

We adapt a classification scheme for rainfall streamflow models originally introduced by Sitterson et al. (2018): Depending on

the level of abstraction, models are said to be empirical (also detailed or physical) if they involve physical equations of the50

involved processes (Horton et al., 2022). Conceptual (or physically inspired) models make some substantial simplifications,

but still contain (abstract) subsystems or quantities that can be identified with physical entities. Finally, statistical models

refrain from explicit modeling of anything physical and instead focus on the statistical relationship between inputs and outputs

exclusively. Our approach is based on neural networks and falls into the latter category, while most operational models such as

LISFLOOD (Van Der Knijff et al., 2010) fall under the conceptual category.55
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Another criterion for classifying models is the way space is represented in the model: Lumped models aggregate all vari-

ables (temporal or static) across a station’s catchment area before modelingstarts. Not representing the spatial extension of

a catchment can be a reasonable modeling assumption for small catchments, but it implies losing the opportunity to model

spatial co-variance within the catchment, such as the different effect of heavy rainfall .
:::
An

:::::::
example

:::
of

::
the

::::::::::
importance

::
of

::::::
spatial

:::::::::
co-variance

::
is
:::
the

:::::::
different

:::::
effect

::::
that

:::::
heavy

:::::::
rainfall

:::::
might

::::
have over a forested area versus on sealed soil. Distributed models60

on the other hand explicitly model local processes, usually on a grid, less commonly on an irregular mesh vector-based, e.g.

Hitokoto and Sakuraba (2020); Sun et al. (2022). Most physical or conceptual models fall under the latter category, as the

underlying formulas are local and it is straightforward to resolve them on a regular grid for computation. Neural networks in

this domain on the other hand started to be developed as lumped models for a combination of historical and technical reasons

which we discuss in the next Subsection 2.2.1. In between sits a class of models called semi-distributed, where some sort of65

sub-structure is modeled. Many routing models fall under this category. An example of a neural network based routing model

is Nearing et al. (2024), where a network of gauging stations is modeled with high temporal resolution, but not the processes

inside each station’s catchment area. As we detail below, our model first predicts runoff fully distributed in space, then mapping

these runoffs onto the river network in a second stage.

2.2 Neural Networks in Rainfall Runoff Modeling70

Neural networks have been used for rainfall runoff modeling since the 1990s (Smith and Eli, 1995), but have surged in pop-

ularity since Kratzert et al. (2018), when long short term memory (LSTM) layers (Hochreiter and Schmidhuber, 1997) were

employed for the first time. Kratzert et al. (2019c) then described the beneficial effects of adding static information about the

locations
::::::
location

::::::::::
information

:
to the meteorological inputs, albeit in an aggregated manner. This type of model has since been

demonstrated to predicting
::::::
predict streamflow more accurately than models not based on neural networks,

:
across a variety of75

locations and experimental setups (Lees et al., 2021; Mai et al., 2022; Clark et al., 2024). It also transfers more readily to un-

gauged basins (Kratzert et al., 2019b). Calibrating physical or conceptual rainfall runoff models usually requires hand-crafting

ancillary input features to support the meteorological forcing variables, such as catchments’ climate type or hydrological signa-

ture (see Beven (2012) for an overview). Sometimes, the dataset needs to be
:
is
::::
first partitioned into hydrologically homogeneous

subsets, on which separate parameters are then calibrated (Beven, 2012). Neural networks do not require such human labor80

and in contrast profit from processing all catchments indiscriminately and with a single model (Kratzert et al., 2024).
::
As

:::
we

::::::::::
demonstrate

::
in

:::
this

:::::
study,

::::::
neural

::::::::
networks

:::
can

::
be

:::::::
stacked

:::::::
flexibly

:::
into

::
a

::::::::::
task-specific

:::::::
pipeline

:::
and

::::::
trained

::::::::::
end-to-end,

:::::::
without

:::
any

::::::
manual

::::::::::
calibration

::
or

:::::::::::
intermediate

:::::
steps. They are capable of extracting task-relevant information from a large array of

potentially informative, raw static features (Kratzert et al., 2019c). These data sources can include categorical information such

as land cover or soil classes, which can not be readily integrated into physical formulas. Neural networks can also leverage85

entirely new types of input data, such as large-scale remote sensing data (Zhu et al., 2023), concentrations of isotopes (Smith

et al., 2023) and chemical compounds (Sterle et al., 2024). As we demonstrate in our study, neural networks can be stacked

flexibly into a pipeline designed for a specific task and trained end-to-end without any manual calibration or intermediate steps.

Additionally,
::
In

:::::::
addition,

:
research on the explainability of neural networks has been conducted by Kratzert et al. (2019a) and
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Lees et al. (2022), who .
::::::
These

::::::
studies focused on identifying hydrological quantities and conceptsin

:::::
within neural networks.90

Similarly, using
::::::::::::::::
Cheng et al. (2023)

::::
used an explainability frameworkCheng et al. (2023)

::
to extracted hydrological signatures

from networks in a data driven fashion. Furthermore,asshownin Jiang et al. (2022)
:::::::::::::::
Jiang et al. (2022)

::::
show

::::
that

:
the use of

explainability methods can provide a better understandingabout
::
of the dominant �ooding mechanisms across different catch-

ments. Explainability is crucial for reliable operations in real-life applications because it allows for controlling of risk, aswell

asfor
:
.

:
It

::::
also

:::::::
enables scienti�c discovery (Shen et al., 2018). In summary, LSTM-based models have been �rmly established95

as state of the art in rainfall runoff modeling with a combination of consistently superior performance and addressing the most

pressing concerns regarding reliability, even though many questions remain to be answered. Due to their �exibility, they are

primary candidates for entirely novel approaches that will become more relevant as climate change gives rise to questions of

human in�uence and multi-factor disasters.

2.2.1 Spatially Resolved Processing100

Smith and Eli (1995), the �rst study on neural networks in rainfall runoff modelingtrained,
::::
train

:
a simple, non-recurrent neural

network on a �ve-by-�ve grid of synthetic data as a proof of concept. Another early example of semi-distributed processing is

Hu et al. (2007). The authors evaluate the effect of lumping, but use only �ve rain gauging stations as input instead of a full grid,

and a single catchment as a target. Xiang and Demir (2022), unfortunately not peer-reviewed, presents an architecture closely

resembling the �rst stage of our model, which they call GNRRM-TS: Inputs are processed separately on a regular grid before105

being aggregated using a manually computed �ow direction map.Here,too,
::::
Also

::::
here the scope is limited to a single station

and the only inputs are precipitation and drainage area of each grid cell. Xie et al. (2022) use LSTMs in a gridded fashion to

estimate monthly base�ow instead of daily runoff.But similar to us,they
::::
They also include static information as inputsand

:
,

:::
but

:::
they

:
train their model on hand-selected subgroups of catchments. Muhebwa et al. (2024) propose a nuanced semi-distributed

strategy, which instead of aggregating entire catchments, aggregates regions within a catchment that are similarly far upstream.110

The resulting set of input features for each region group are concatenated and jointly processed by a LSTM model. Hitokoto

and Sakuraba (2020) is an interesting example of using an irregular vector-mesh rather than a regular grid. For each node, a

conceptual model provides estimates of local runoff that are then aggregated by iteratively simplifying a mesh using a technique

that is inspired by particle �lters. Once coarsened to 96 nodes, they use a relatively simple four layer fully connected neural

network for routing.
::::
This

::::::::
approach

:::
can

:::
be

::::::::
classi�ed

::
as

::::::::::::::
semi-distributed

:
When considering only the portion of the pipeline115

managed by the neural network—i.e.,
:
,

:::
i.e. after the conceptual model's outputs have been coarsened—this approachcanbe

classi�ed assemi-distributed. Sun et al. (2022) also act on an irregular mesh, this time training a graph neural network on

the outputs of a conceptual model. After this pre-training, they �ne-tune the neural network on stream�ow observations - an

elegant way to deal with sparse empirical data in this context. However, their studyis also
:
,

:::
too,

::
is

:
limited to a single smaller

basin in the western United States, andtheyhaveto .
:::::::
Because

:::::
their

:::::
model

:::::::
consists

:::
of

:::::::::
complexly

:::::::::
interleaved

:::::
graph

::::
and

::::
time120

:::::::::
convolution

::::::
layers,

::::
they

:
rely on graph coarsening toscalethis approachup

::
be

::::
able

::
to

:::::
scale

::
up

::::
this

::::::::
approach to another, larger

basin, astheir modelconsistsof complexlyinterleavedgraphandtime convolutionlayers. Yu et al. (2024) proposeto applya

4



:
a

::::::::::
combination

:::
of

:
a

:
LSTM model on the catchment level, thenuse

:::
and a conceptual modelto routethepredictedstream�ows

alongthegaugesin theriver network
::
for

::::::
routing.

2.2.2 Routing125

Routing refers to modeling the �ow of water between gauging stations in a river network. Neural networks have been success-

fully employed for this task as well.Within
:
In

:
this context, stream�ow at a given station is predicted from the stream�ows of

upstream stations alone, typically at an hourly resolution. Atthis
:::
such

::::
high

:
temporal resolution, routing within the river system

can ignore slower process like runoff generation or base�ow, and instead focus entirely on the movement of runoff along the

river network. Since the stations within a river system can be conceptualized as nodesof
:
in

:
a directed acyclic graph, it seems130

natural to model this data with a graph neural network, although this term is fairly broad (Bronstein et al., 2021). Example of

this approach include Moshe et al. (2020), Sit et al. (2021), Sun et al. (2021), Sun et al. (2022), Nevo et al. (2022) and Nearing

et al. (2024) all of which demonstrated excellent performance in this setting. In comparison, the design of the routing stage

in our model as detailed below is much moreminimal
:::::::::::
parsimonious in order to give the user more �ne-grained control and

interpretability.135

Another line of research investigates models that act on networks of rain gauges instead of a regular grid of inputs.These

::::
Such

:
models can be considered semi-distributed as well. The general focus here seems tolie more

::
be on �nding suitable

architectures for this task, combining self-attention, LSTM, convolution and more complex graph convolution layers. For

example, Chen et al. (2023) intricately stack several LSTM layers to represent the river network structure, while Zhou et al.

(2023) propose a mixture of self-attention, recurrency and convolution to build a graph neural network for this routing task.140

Zhu et al. (2023) aggregate remote-sensing rain data within each catchment in a data-driven fashion by training separate

convolutional neural networks for every input product. They then concatenate each sub-basin's lumped information with rain

gauge data for further routing in a semi-distributed scheme.The
:::
This

:
convolutional approach amounts to a more sophisticated

form of lumping, asintegratingthedifferentdatasourcesaswell astemporalmodelinghappens
:
it

::
is

:::::::::
concerned

::::
with

::::::::
unimodal

:::::
spatial

:::::::::
integration

::
of

::::
data

:::
that

::::
will

::
be

:::::::::
integrated

:::
and

:::::::::
temporally

:::::::
modeled

::::
only

:
at a later stage, onceall spatialdatahasbeenfully145

aggregated. Hu et al. (2024) partially work on gridded data, namely remote-sensing measurements of rainfall. Each sub-basin

is aggregated separately using a convolutional LSTM to produce a spatially aggregated timeseries of rainfall in the sub-basin,

concatenate it with static information and recent runoff and continue processing this information in a semi-distributed fashion.

The crucial difference here is that the convolutional LSTM serves as a data-driven aggregation mechanism for the gridded

rainfall input data, but hydrological modeling again takes place in the semi-distributed domain.150

2.2.3 CAMELS-type datasets

Apart from the studieswhich we just discussed,
:::
We

::::
have

::::
just

::::::::
discussed

::::::
several

:::::::
studies featuring individual or a few select

catchments,
:
.

:::
Yet

:::
the

::::
bulk

::
of large-scale rainfall runoff modeling with neural networks has extensively featured the CAMELS

dataset
::
or

:::
one

:::
of

::
its

:::::::::
derivatives, based on Newman et al. (2015) and extended to its current form by Addor et al. (2017). It

contains meteorological time series and ancillary data for 671 catchments located within the contiguous United States, manually155
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selected for minimal human impact. This implies that the catchments are relatively small, but on the other hand ensures

"laboratory conditions" for hydrological modeling. The downside of this is the limited applicability of �ndings generated with

this data to areas of the world where human in�uence contributes signi�cantly to stream�ow, such as central Europe. But as

the dataset covers the contiguous US homogeneously, spans a large area, contains many catchments and
::::
with a wide variety

of different climates, it offers optimal conditions for training neural networks. And so CAMELS rose to popularity together160

with the neural network approach in rainfall runoff modeling. Since then, similarpublicdatasets were introduced
:
to

:::
the

::::::
public

that cover other parts of the world: Chile (Alvarez-Garreton et al., 2018), Great Britain (Coxon et al., 2020), Brazil (Chagas

et al., 2020), Australia (Fowler et al., 2021), the upper Danube basin (Klingler et al., 2021), France (Delaigue et al., 2022),

Switzerland (Höge et al., 2023), Denmark (Liu et al., 2024) and Germany (Loritz et al., 2024).

2.3 Contributions165

The
:
In

::::
this

::::::
paper,

:::
we

::::::
present

:::::
three

:::::::::::
contributions

::::
that

:::
go

::::::
beyond

:::::
what

:::
we

::::
have

:::::::::
discussed

::
so

::::
far:

:::
We

:::::::
process

:::
the

::::
data

::
in

::
a

:::::::
spatially

:::::::
resolved

:::::::
manner

::::::
without

:::::
prior

::::::::::
aggregation,

:::
we

::::
use

:
a

::::::
simple

::::::
routing

:::::::
module

::::
that

:::::
allows

:::
for

:::::::::::::
interpretability,

::::
and

:::
we

::::
train

:::
this

::::::
model

::
in

::
an

:::::::::
end-to-end

:::::::
fashion

::
on

:
a
::::::
novel,

:::::::
spatially

:::::::
resolved

::::::
dataset

::
in

::::::
central

:::::::
Europe.

:

:::::::
Spatially

:::::::
resolved

:::::::::
processing

:::::
takes

:::::
place

::
in

:::
the �rst or local stage of our model, detailed in Subsection 4.1, .

:::
Its

::::::::::
architecture

largely follows thearchitecture
::
one

:
presented in Kratzert et al. (2019b), but instead.

:::::::
Instead

:
of using lumped basins as170

input
:::::
inputs, we applya single

::
the

:::::
same neural network in parallel to

::::
each

:::
cell

::
of

:
a regular grid of meteorological

::::
time

:::::
series

and ancillary inputs.Thisnovelkind of spatiallyresolvedprocessingis enabledby modernGPUswith largememory.We show

that this �ner spatial resolution allows us to capture co-variances and provide regularization,bene�ting especially
::::::::
especially

::::::::
bene�ting

:
larger catchments. This approach is natural for physical or conceptual models, which haveto

:::
that solve local equa-

tions at acertainlevel of
:::::
given rasterization. Yet, no one to our knowledge has applied a neural network directly to the grid of175

inputs in a way that scales up to entire river basins.

Theright panelof Figure6 visualizestheoutputof thelocalstagein anexemplaryfashion.Theselocal runoff quantitiesare

thenmappedontoariver networkin the
:::
The

::::
local

:::::
stage

:::::
yields

::
a

::::
local

:::::
runoff

:::::::
quantity

:::
for

::::
each

::::
grid

:::
cell

:
,
::::::::::
exemplarily

:::::::::
visualized

::
in

:::
the

:::::
right

:::::
panel

::
of

:::::
Figure

::
6.

:

:::
The

:
second orroutingstagedescribedin Subection4.2.It consistsof ,

:::::::
detailed

::
in

:::::::::
Subsection

::::
4.2,

::::::
consists

:::
of

::::
only two simple180

network layers without any nonlinearity.
:
,
:::::::::
ef�ciently

:::::::
mapping

:::::
these

::::
local

::::::
runoff

::::::::
quantities

::::
onto

::
a

::::
river

::::::::
network.

::::
Both

::::::
stages

::
are

:::::::
trained

:::::
jointly

:::
in

::
an

:::::::::
end-to-end

:::::::
fashion

::
on

:::
the

:::::
entire

:::::::
dataset,

::::::::
rendering

::::
any

::::
kind

::
of

::::::
expert

:::::::::
knowledge

::::::::
obsolete.

::::
This

::::
also

:::::
means

::::
that

::
the

::::::
model

::
is

::::
�tted

::::::::::
exclusively

::
on

::::::::
empirical

::::
data,

::::::::
enabling

:::::::
scienti�c

:::::::::
discovery

::::
from

:::
raw

:::::
data. We show that the river

network connectivity graph can be used as inductive bias to constrain the model to reproduce the river's natural layout. This

increases data ef�ciency and allows for better interpretability.Below we discussthat
::
We

:::::::
explain

::::
how in principle, although185

this has yet to be shown
::
in

:::::::
practice, the model can be controlled interactively: Extracting or injecting quantities of water

can simulate human in�uence such as industrial, agricultural or hydroelectric energy generation activity, which signi�cantly

contributes to stream�ow but is independent of the modeled hydrological processes.Both stagesare trainedjointly in an
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end-to-endfashionon theentiredataset,renderinganykind of expertknowledgeobsolete.This alsomeansthat themodelis

�tted exclusivelyonempiricaldata,enablingscienti�c discoveryfrom rawdata.190

The
:::::
Lastly,

:::
the

:
lumped datasets discussed above are unsuited forour approach,asit requiresnon-aggregatedinformation

for spatialprocessingas well as entire basinsforrouting
:::
this

::::::::
spatially

:::::::
resolved

:::::::::
modeling

::::::::
approach,

:::::
since

::
it

:::::::
requires

:::::
both

::::::::::::::::::::
non-spatially-aggregated

:::::
inputs

::::
and

:::::::::
stream�ow

::::
data

:::
for

:::::
entire

:::::
basins. Hence, for this study we compiled gridded meteorolog-

ical and static data
::
as

::::
well

::
as

::::
river

::::::::::
stream�ow

::::::
records

:
for �ve entire basins in central Europe,

:
.

:::::
These

::::::
basins

:::
are characterized

by an overall high level of human activity, compared to the CAMELS dataset. The data is publicly available
::
and

:::::::::
described

::
in195

::::
more

:::::
detail

::
in

::::::::::::::::::
Vischer et al. (2025b).

3 Dataand Methods

As discussed above, previously released datasets for rainfall stream�ow modeling are unsuited for spatially resolved processing,

so we compiled a new, publicly available dataset, referenced in the data availability statement. We present the data sources, pre-

processing steps andhowtohandlethe�les
::::::
practical

:::::::
aspects in more detail in a separate publication(Vischer et al., 2025a, under review)200

::::::::::::::::::
(Vischer et al., 2025b). The river discharge data that we use as targets for trainingandthecatchmentinformation

::
as

::::
well

::
as

:::
the

::::::::
catchment

::::::::
metadata

:
from which we derive the river connectivityinformationis publicly availablefor download

:
is

::::::::
available

from the original provider. We provide code that processes and combines it with the input data after manual download.The

following subsectionsgiveanoverviewof thedata,followedby anintroductionof ourneuralnetwork.

3.1 Study Area, Study Period and Resolution205

Thefocusof our studyis on
:::
Our

:::::
study

::::::
covers �ve river basinscovering

:
in

:
Germany and parts of neighboring countries: Elbe,

Oder, Weser, Rhine as well as the upstream part of the Danube river up to Bratislava (see Figure 1c, right panel). Due to the

sparser coverage of gauging stations in the lower reaches of the Danube basin, we decided to focus on the upper reaches where

the station network is more homogeneous. Additionally, the placement of river gauging stations varies across countries, as each

follows distinct policies for station location. From a machine learning perspective, this results in diverse sampling strategies210

across the river network. Werestrictedour studyto this regionto preventvariationsin samplingdistributionsfrom affecting

the assessmentof routing performance.We decided to limit our study to this region so as not to confound the performance

of routing with such different sample distributions. The total study area covers a contiguous 570.581 km2 areaof Germany

andneighboringcountries. Figure 1c
::::
also visualizes exemplary features in the study area with boundaries of the river basins

and Germany for geographic reference. Based on the consistent availability of stream�ow data, we decided to conduct our215

experiments on the water years 1981-2011. A water year lasts from October 1st of the previous year to September 30th. Due

to data availability, we homogenized all input data to daily temporal resolution and regular gridcoveringthe
:::
that

:
is

::::::::::
compatible

::::
with

:::
the

::::::::::
ERA5-Land

::::::
dataset

::::::::::::::::::::
(Muñoz Sabater, 2019)

:::
and

:::::
covers

:::
the

:
earth's surface with a spatial resolution of0:1� � 0:1� or

2
:::::::
Orography

:::
was

:::::
adapted

::::
from

::
the

:::::::
European

::::
Space

:::::::
Agency's

::::::::
Copernicus

::::
Global

::
90

::
m

::::
DEM

:::::::
(GLO-90,

:::
doi:

:::::::::::::::
10.5270/ESA-c5d3d65)

::
©

::::::::::::
EuroGeographics

::
for

::
the

::::::::::
administrative

:::::::
boundaries

::
in

::::
panel

::
(a)

:::
and

::
(c).

7




