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Abstract. We present a gridded dataset for rainfall streamflow modeling that is fully spatially resolved
and covers five complete river basins in central Europe: upper Danube, Elbe, Oder, Rhine, and Weser
(https://doi.org/10.4211/hs.d7f2cbb587ab4a75ac7987854e8f62ca, Vischer et al., 2025a). We compiled meteo-
rological forcings and a variety of ancillary information on soil, rock, land cover, and orography. The data is
harmonized to a regular 9km x 9km grid, temporal resolution is daily from 1980 to 2024. We also provide
code to further combine our dataset with publicly available river discharge data for end-to-end rainfall stream-
flow modeling. We have used this data to demonstrate how neural network-driven hydrological modeling can be
taken beyond lumped catchments, and want to facilitate direct comparisons between different model types.

1 Introduction

In recent years, a substantial number of rainfall streamflow
datasets were released that follow the example of the pop-
ular CAMELS dataset (Newman et al., 2015; Addor et al.,
2017). They cover 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 (Hoge et al., 2023), Denmark (Liu et al., 2024)
and Germany (Loritz et al., 2024). There is also a world-wide
version of CAMELS, CARAVAN (Kratzert et al., 2023).
These datasets bundle a range of data sources and harmo-
nize them to a readily ingestible, common spatio-temporal
data format. Besides meteorological variables, they contain
additional static information such as land cover, soil and
bedrock type and orographic features. While suitable for a
range of hydrological modeling approaches, these publica-
tions specifically facilitated a surge in popularity of neural
network models for rainfall streamflow modeling. For exam-
ple, Kratzert et al. (2019); Nearing et al. (2024) have shown
that neural network models are particularly suited to learn
from such multi-variate, large-scale data.

Published by Copernicus Publications.

A common downside of the above-mentioned datasets
however is that they aggregate (“lump’) each variable within
a catchment to a single value. By doing so, all information
about spatial variability is lost: A pattern of soil types might
be reduced to the most prevalent one, or a range of different
amounts of precipitation over a large area might be averaged
to a single, unexpressive average value. This reduction of in-
formation is unnecessary and counter-intuitive, especially for
large catchments or catchments with high spatial variability.
The principle advantage of spatially resolved inputs is that
they enable the model to capture spatial covariance among
different variables, e.g. the interacting effects of soil seal-
ing or steepness of terrain and a torrential rainfall. Physical
models, still the standard model type in active operation, re-
solve their equations on such a grid for exactly this reason,
but neural network training also benefit from vast amounts of
data. Additionally, as each grid cell contains a complete, self-
contained set of meteorological and ancillary variables, they
can be processed independently. Recent advances in mem-
ory parallelism can leverage this property and make large-
scale processing of such data without prior aggregation prac-
tically feasible: in Vischer et al. (2025b), we show that a
neural network model is capable of efficiently handling this
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large amount of data. However, parallelization is just as ap-
plicable for physical or conceptual modeling approaches. Re-
cently, Kraft et al. (2025) demonstrated this by using a com-
bined neural network, conceptual and physical approach on
spatially resolved data from Switzerland to significantly out-
perform a lumped baseline. Rakhymbek et al. (2025) report
similar results with a neural network model trained on two
snow-driven basins in Kazakhstan and the USA. Both stud-
ies highlight the importance of representing spatial detail.
Gauch et al. (2024) and Gauch et al. (2025) discussed general
advantages and applicability of semi-distributed models for
future world-wide flood-prediction models at recent confer-
ences, further testifying to the relevance of providing datasets
suitable for this research direction.

2 Methods

The study area of the dataset covers 5 entire basins in cen-
tral Europe, namely the upper reaches of the Danube (un-
til Bratislava), Elbe, Oder, Rhine and Weser. It is contigu-
ous, 570.592km? large and spans 10 countries. The tem-
poral coverage ranges from 1 January 1980 to 31 Decem-
ber 2024. We bundle 6 spatiotemporal (“dynamic”) mete-
orological features with 46 static (“ancillary”) features: 3
hydro-geological features, 16 land cover features, 19 soil
features and 8 orographical features. We based our choice
of which kind of dynamic and ancillary information to in-
clude on the work of Addor et al. (2017) and Kratzert et al.
(2019) to allow for maximum comparability with recent hy-
drological literature in general and neural network-based lit-
erature in particular. The dataset consists of data derived
from a variety of publicly available sources — no new data
was recorded. Our contribution consists in collecting the data
and harmonizing it to a common grid: We provide a com-
prehensive, peer-reviewed, publicly licensed dataset that in-
tegrates well with already existing datasets while support-
ing novel research questions regarding spatial heterogeneity.
Figure 1 provides an overview of the study area, common
grid and types of variables. The remainder of this section
first describes each data modality. Original data sources are
listed in Table Al, detailed lists of all dynamic and ancil-
lary features that we derived to compile this dataset can be
found in Tables A2 and A3. We then describe how the dif-
ferent spatial data sources were harmonized to a common
grid. Along with the data, we release all scripts for process-
ing the raw source data into the dataset. This allows users to
both verify and adapt our data aggregation pipeline. We also
provide an additional script that combines the dataset pre-
sented here with river discharge data, after manual download
from the original provider, the Global Runoff Data Center
(GRDC) (https://grdc.bafg.de/data/data_portal/, last access:
11 September 2025). In the preprocessing code linked below,
we also show that our study area is covered densely and uni-
formly with river gauging stations. As there are much fewer
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stations in the lower Danube basin, we decided to only in-
clude the upper part in order to eliminate this source of sam-
pling bias, which can be a major concern not only for data-
driven approaches. The discharge time series come at daily
resolution, which is the reason that we provide our temporal
features in daily resolution as well. This data can serve as tar-
gets for end-to-end training in data-driven rainfall streamflow
modeling, such as in our study (Vischer et al., 2025b).

2.1 Meteorological Forcings

The meteorological forcings in our study were derived from
the ERA5-Land dataset! (Muiioz Sabater, 2019; Copernicus
Climate Change Service, 2022). Temporal aggregation from
hourly to daily resolution was achieved differently for each
variable: The temperature two meters above surface was ag-
gregated by calculating minimum, mean and maximum val-
ues. Potential evapotranspiration was summed. Precipitation
is provided in ERAS5-Land as sub-daily values, meaning that
the daily total sum corresponds to the value stored at 24:00.
We added a measure of variability of precipitation by tak-
ing the variance over the increment at every hourly time step.
Due to the good maintenance of the ERAS dataset, there were
no missing values in the temporal data, hence no interpola-
tion was necessary on our part. Table A2 provides a detailed
list of all dynamic variables.

2.2 Ancillary Data

Hydrogeological properties were derived from the Interna-
tional Hydrogeological Map of Europe (IHME)?. The orig-
inal dataset features six hydrogeological classes as well as
two classes for snow-ice-fields and inland water bodies. The
six classes represent the productivity of rock type, which in-
dicates how easily water can dissipate through the bedrock.
Classes are ordinal in that they are sorted by the correspond-
ing productivity in ascending order. This allows us to take a
non-rigorously defined but nonetheless informative average
over the classes’ proportions within each grid cell. We con-
catenate this productivity score with the binary categorical
classes for snow-ice-fields and inland water bodies, each rep-

IThe dataset was downloaded from the Copernicus Climate
Change Service (2022) (https://cds.climate.copernicus.eu/datasets/
reanalysis-era5-land?tab=overview, last access: 11 Septem-
ber 2025). The results contain modified Copernicus Climate
Change Service information 2020. Neither the European Commis-
sion nor ECMWEF is responsible for any use that may be made of
the Copernicus information or data it contains.

2IHME1500 — Internationale Hydrogeologische Karte von
Europa 1:1500000, version 1.2 (https://www.bgr.bund.de/EN/
Themen/Wasser/Projekte/laufend/Beratung/Thme1500/ihme1500_
projektbeschr_en.html, last access: 11 September 2025) © Bun-
desanstalt fiir Geowissenschaft und Rohstoffe, 2022 (Giinther and
Duscher, 2019)
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Figure 1. Overview of study area, input grid and data types. (a) Study Area: The study area comprises 5 basins that cover a contiguous area in
central Europe. (b) Input Grid and Station Network in Upper Danube Basin: Cells of input grid (orange) for Upper Danube basin. Catchment
boundaries (black) are overlaid with corresponding stations (blue), as well as connecting arrows representing the station connectivity network.
Code to reproduce the river network is released together with this paper. (¢) Input Types: Visualizations for one example feature of each
type of input. Basin outlines (black) and borders of Germany (turquoise) are plotted for reference. Orography in panel (a) was adapted
from the European Space Agency’s Copernicus Global 90m DEM (GLO-90, doi: https://doi.org/10.5270/ESA-c5d3d65, ESA, 2022) ©
EuroGeographics for the administrative boundaries in panel (a) and (c¢). Watershed boundaries in panels (a), (b), and (c¢) were taken from the
Global Runoff Data Center (https://portal.grdc.bafg.de/applications/public.html, last access: 11 September 2025).

resented by a ratio of prevalence of this type of binary class Soil type information was obtained from the dataset Euro-
within the grid cell. pean Soil Database Derived Data? (Hiederer, 2013a, b). This

Land Cover information was obtained from the Corine dataset features 17 different physical properties, separately
Land Cover Map? (CLC). This dataset classifies land cover for top soil and lower soil. We calculate the average value of

at three different levels of detail, with increasingly differenti- each feature within a grid cell.

ated (sub)classes. We decided to use the second level, which Orographic information was derived from the European
containing 16 classes in total. Similarly to the procedure ap- Union Digital Elevation Map® (EU-DEM). Elevation was av-
plied to the hydrogeological properties, we calculated a dis-

tributional vector representing the proportion of a given class 4Eumpean Soil Database Derived Data (https:/esdac.jrc.
covering the grid cell. ec.europa.eu/content/european-soil-database-derived-data, last ac-

cess: 11 September 2025), created by the European Soil Data Centre
with funding by the European union. It was adapted and modified
by the authors. The authors’ activities are not officially endorsed by

the Union.
3Corine Land Cover Map, version 2012 (https://land.copernicus. 5 European Union Digital Elevation Map, version
eu/en/products/corine-land-cover/clc-2012, last access: 11 Septem- 1.1 (https://sdi.eea.europa.eu/catalogue/srv/api/records/
ber 2025). Generated using European Union’s Copernicus Land d08852bc-7b5f-4835-a776-08362e2fbf4b, last access: 11 Septem-
Monitoring Service information; https://doi.org/10.2909/916c0ee7- ber 2025). Generated using European Union’s Copernicus Land
9711-4996-9876-95ea45ce1d27 (Copernicus Land Monitoring Ser- Monitoring Service information. The European Union Digital

vice, 2020). The Corine Land Cover Map data was created with Elevation Map created with funding by the European union. It was
funding by the European union. It was adapted and modified by the adapted and modified by the authors. The authors’ activities are not
authors. officially endorsed by the Union.
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eraged within each grid cell, as well as the gradient in latitu-
dinal and longitudinal direction, and the steepness or magni-
tude of the two-dimensional gradient. This yielded a total of
four orographic features.

Table A3 provides an detailed list of all ancillary variables
in the same ordering as we just introduced, which is also the
ordering in the data file.

2.3 Grid Harmonization

As a common grid format, we decided to use the grid of
the ERAS-Land reanalysis dataset (Muifioz Sabater, 2019;
Copernicus Climate Change Service, 2022), which covers the
earth’s surface with a 0.1° x 0.1° resolution, corresponding to
roughly 9km x 9km for the case of our study area. ERAS-
Land contains a vast number of meteorological variables and
has an hourly resolution, spanning from 1950 onward. It has
been widely used and is actively maintained and updated.
This means the dataset we provide with this paper remains
easily extendable, should a user like to e.g. include an ad-
ditional meteorological variable in their experiments, extend
the study area or increase the temporal resolution. Our study
area comprises a total of 7169 grid cells on this grid.

The spatial data originally comes in different formats (vec-
tor or grid), projections and resolutions. All data sources
were thus harmonized to the grid of ERA5-Land. The first
step consisted in converting the maps to a common coordi-
nate system. For the sake of compatibility with ERAS, we de-
cided to use the geographic coordinate system WGS 84. Then
for each map separately, polygons covering 0.1° in latitude
and longitude with the grid cell at the center were extracted.
For categorical maps like hydrogeology and land cover, con-
sisting of classes such as “Artificial surfaces: Urban fabric”,
the fractions covered by each class within each polygon were
calculated. This results in a distributional description of class
occurrence maximally conserves the original information, as
no averaging or other kind of aggregation is necessary. Quan-
titative information, like e.g. clay content in topsoil, was
however aggregated in a final step within the polygon. As a
downside to this approach, note that both cases require calcu-
lating coverage areas in a geographic coordinate system. This
treats the surfaces as flat instead of accounting for the earth’s
curvature, making the calculations imprecise. We consider
this effect negligible here since the surfaces contained in the
grid cells are so small that they can be safely considered ap-
proximately flat. A more severe limitation is the fact that at
high latitudes, polygons defined by a given latitudinal and
longitudinal extent become substantially more narrow on the
side facing the pole, which also impairs the calculation of
area. We could not change the polygons to counteract this
effect since they are implicitly dictated by the ERAS grid.
At the moderate latitudes of our study area and especially
the small polygons used in the grid, this distortion can still
be considered acceptable for the sake of harmonization with
ERAS, depending on the application. However, applying this
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approach in polar regions for example would necessitate an
intermediate step of choosing a suitable projected coordinate
system for calculating the areas in order to make the distor-
tion explicit and thus better understand its effects. Boundary
effects are not an issue with this vector approach as no inter-
polation is required, however. All maps covered regions well
exceeding the study area.

Specifically for the four map types, the hydrogeological
map already came in the WGS 84 reference system. The land
cover map came in vector format and LAEA coordinate sys-
tem, so the polygon’s coordinates could simply be calculated
point-wise using the geopandas Python package (den Boss-
che et al., 2025) with pyproj (Snow et al., 2025) as a backend.
This was followed by calculating the fraction of each class
within the polygon described above. The soil map came in
LAEA reference system but as a raster. We decided against
interpolating as it would not contribute any additional infor-
mation. Instead, we simply considered each cell in the raster
as a separate polygon and calculated the fractions using the
vector method described above. The situation was the same
for the elevation map, with the added initial step of down-
sampling the map from 25 m resolution to 500 m resolution
using weighted average resampling implemented in rasterio
(Mapbox, 2024).

3 Code and data availability

The dataset is available at https://doi.org/10.4211/hs.
d7f2cbb587ab4a75ac7987854e8f62ca, (Vischer et al.,
2025a). Dynamic meteorological forcing data and static
ancillary data are stored in two separate NetCDF4 (Rew
et al., 20006) files, “ancillary_pub.nc” and “dynamic_pub.nc”.
This format allows for labeled coordinates such as latitude,
longitude and date for convenient selection on spatial and
temporal domains, respectively. All variables are named in a
self-explanatory manner and we provide labeled metadata.
See Tables A2 and A3 for a detailed reference of the
included variables.

The data was processed in several Python Jupyter Note-
books (Granger and Pérez, 2021) that can be found in this
repository:  https://gitlab.hhi.fraunhofer.de/vischer/spatial
streamflow_dataprep, last access: 11 September 2025. The
code requires Python 3.11 (Van Rossum and Drake, 2009)
and is licensed under the Clear BSD licence. Additional
dependencies are specified in an Anaconda environment
(Anaconda, 2020) specification contained in the repository.
The scripts are stand-alone and do not require further input
parameters. Along with the code to process the data, we
provide a script that loads the data, selects subsets and
visualizes them. This can serve as a starting point for the
user to interact with the data. Furthermore, we provide
code to wrap all the data in a PyTorch (Ansel et al., 2024)
Dataset class for further processing in a machine learning
context. Since dense arrays are required for this, we pro-
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vide an alternative format version of our features in the
files “ancillary_paper.nc” and “dynamic_paper.nc”’, where
dimensions were transformed from latitude and longitude to
a unique grid cell index. In this version, all features were
standardnormalized in order to suit better the requirements
of neural networks.

All data sources from which we obtained the original data
have been widely used across various scientific fields for
years, so we assume the original data to be valid. In order to
technically validate our processing steps, we feature a testing
script in our repository with extensive tests and visualiza-
tions of the compiled data. We also successfully employed
this dataset in training a neural network model for rainfall
streamflow modeling (Vischer et al., 2025b).

4 Conclusions

Combining a variety of data sources, we provide the first
spatially resolved dataset for multivariate rainfall-streamflow
modeling. It covers five entire river basins and it thus
particularly suited for large-scale modeling of hydrolog-
ical processes. With the publication of this dataset, we
hope to stimulate further development of spatially resolved,
high-resolution hydrological modeling beyond the scope of
lumped catchments. Suitable for neural network models as
well as conceptual and physical modeling approaches, we
hope this dataset will facilitate model comparison and stim-
ulate future development in the spatially resolved domain.
Using the same spatial grid as ERAS as well as daily resolu-
tion limits its expressiveness of small scale, e.g. convective
events, where higher spatial and temporal resolution would
be preferable. If users decide to spatially aggregate our data
and want to use derived variables like hydrological or cli-
mate signatures as input for their models, they would have
to manually compute them from the raw data contained in
our dataset. This is especially the case for snow-related vari-
ables, as particularly the Southeast of our study area is domi-
nated by snowmelt dynamics. Lastly, the dataset is of only
limited use for training training models that are to be de-
ployed world-wide. We focus on a contiguous area in central
Europe, which means in turn that the dataset contains only
a particular subset of all hydrological dynamics that can be
observed.
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Appendix A: Data Origins and Detailed List of

Features

Table A1. Overview of source datasets and their authors for dynamic data/meteorological forcings contained in file forcings_pub.nc and
static/ancillary data contained in ancillary_pub.nc. See Tables A2 and A3 for more details on derived features. Last access for all weblinks

is 11 September 2025.

Type Dataset Author Citation

Forcings/Dynamic Inputs

Meteorological ERAS5-Land (https: Copernicus Climate Change Service Muiioz Sabater (2019)

Variables /lcds.climate.copernicus.eu/datasets/ (CCCS) Copernicus Climate
reanalysis-eraS-land?tab=overview) (https://climate.copernicus.eu/) Change Service (2022)

Ancillary Data/Static Inputs

Hydrogeological IHME hydrogeological map v1.2 in German Federal Institute for Giinther and Duscher

Properties vector data format (https: Geosciences and Natural Resources (2019)
/Iwww.bgr.bund.de/EN/Themen/Wasser/  (BGR) (https://www.bgr.bund.de/EN/
Projekte/laufend/Beratung/Ihme1500/ Home/homepage_node_en.html)
ihme1500_projektbeschr_en.html)

Land Cover Corine Land Cover Map, version 2012 Copernicus Land Monitoring Service
(https://land.copernicus.eu/en/products/ (CLMS) (https://land.copernicus.eu/en)
corine-land-cover/clc-2012)

Soil Type (Top and European Soil Database Derived Data European Soil Data Centre (ESDAC) Hiederer (2013a, b)

Lower Soil)

(https://esdac.jrc.ec.europa.eu/content/
european-soil-database-derived-data)

(https://esdac.jrc.ec.europa.eu/)

Orographic

European Union Digital Elevation Map
(EU-DEM), version 1.1 (https://sdi.eea.
europa.eu/catalogue/srv/api/records/

34735891-0854-4601-919e-2e7dd1721f50)

Copernicus Land Monitoring Service
(CLMS) (https://land.copernicus.eu/en)

Table A2. Overview of dynamic input features in the file forcings_pub.nc. Empty cells indicate that the value is identical to the one above.
Each of these features is a three-dimensional array with dimensions latitude, longitude and date. Labeled coordinate indices for all dimensions

are contained in the file.

Index Name Feature Origin Aggregation Unit
00 t2m_min Temperature 2 m above ground ERAS5-Land  Daily Minimum K

01 t2m_mean Daily Mean

02 t2m_max Daily Maximum

03 pev Potential evapotranspiration Daily Sum mm

04 tp_sum Precipitation Daily Sum

05 tp_var Daily Variance unitless

Earth Syst. Sci. Data, 18, 3099-3108, 2026
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Table A3. Overview of static input features in the file ancillary_pub.nc. Empty cells indicate that the value is identical to the one above.
Explanations of the features derived from Corine Land Cover map (CLC) and elevation map were omitted because the names are self-
explanatory. Each of these features is a two-dimensional array with dimensions latitude and longitude. Labeled coordinate indices for all

dimensions are contained in the file.

Index Name Feature Origin Aggregation Unit
00 THME_AQUIF_CODE Rock Productivity IHME Averaged Classes untiless
01 IHME_INLAND_WATER Inland Water Body Fraction frac. area
02 IHME_SNOW_ICE_FIELD Permanent Snow-Ice Field

03 CLC_11_Aurtificial_surfaces_Urban_fabric CLC

04 CLC_12_Artificial_surfaces_Industrial,_commercial_and_transport_units

05 CLC_13_Artificial_surfaces_Mine,_dump_and_construction_sites

06 CLC_14_Artificial_surfaces_Artificial,_non_agricultural vegetated_areas

07 CLC_21_Agricultural_areas_Arable_land

08 CLC_22_Agricultural_areas_Permanent_crops

09 CLC_23_Agricultural_areas_Pastures

10 CLC_24_Agricultural_areas_Heterogeneous_agricultural_areas

11 CLC_31_Forest_and_seminatural_areas_Forest

12 CLC_32_Forest_and_seminatural_areas_Shrub_and_or_herbaceous_vegetation_associations

13 CLC_33_Forest_and_seminatural_areas_Open_spaces_with_little_or_no_vegetation_

14 CLC_41_Wetlands_Inland_wetlands

15 CLC_42_Wetlands_Coastal_wetlands

16 CLC_51_Water_bodies_Inland_waters

17 CLC_51_Water_bodies_Marine_waters

18 CLC_No_data

19 SOIL_STU_EU_S_SILT Subsoil: Silt Content ESDAC Arithmetic Mean %

20 SOIL_STU_EU_T_SAND Topsoil: Sand Content

21 SOIL_SMU_EU_S_TAWC Subsoil: Total Available Water Content (Pedotr. Rule) mm

22 SOIL_SMU_EU_T_TAWC Topsoil: Total Available Water Content (Pedotr. Rule)

23 SOIL_STU_EU_T_BD Topsoil: Bulk Density glem’
24 SOIL_STU_EU_T_TAWC Topsoil: Total Available Water Content (Pedotr. Function) mm

25 SOIL_STU_EU_S_GRAVEL Subsoil: Coarse Fragments %

26 SOIL_STU_EU_DEPTH_ROOTS  Depth Available to Roots cm

27 SOIL_STU_EU_T_GRAVEL Topsoil: Coarse Fragments %

28 SOIL_STU_EU_S_TEXT_CLS Subsoil: Texture Class unitless
29 SOIL_STU_EU_T_OC Topsoil: Organic Content %

30 SOIL_STU_EU_S_SAND Subsoil: Sand Content

31 SOIL_STU_EU_T_CLAY Topsoil: Clay Content

32 SOIL_STU_EU_T_TEXT_CLS Topsoil: Texture Class unitless
33 SOIL_STU_EU_T_SILT Topsoil: Silt Content %

34 SOIL_STU_EU_S_BD Subsoil: Bulk Density g/cm3
35 SOIL_STU_EU_S_TAWC Subsoil: Total Available Water Content (Pedotr. Function) mm

36 SOIL_STU_EU_S_OC Subsoil: Organic Carbon Content %

37 SOIL_STU_EU_S_CLAY Subsoil: Clay Content %

38 DEM_elevation_mean EU-DEM m

39 DEM_grad_x_mean 1/m

40 DEM_grad_y_mean

41 DEM_steepness_mean 1/m?
42 DEM_elevation_std Standard Deviation  unitless
43 DEM_grad_x_std

44 DEM_grad_y_std

45 DEM_steepness_std

https://doi.org/10.5194/essd-18-3099-2026

Earth Syst. Sci. Data, 18, 3099-3108, 2026



3106 M. A. Vischer et al.: Spatial meteorological and ancillary data in Central Europe

Appendix B: Comparison with Related Datasets

Table B1. This table compares the variables contained in our dataset to those contained in similar datasets. We matched the raw variables
contained in the CAMELS dataset (Addor et al., 2017 and Newman et al., 2015) as precisely as data availability in our study area permits.
This means that e.g. the classes for describing land cover type may vary, although the kind of information is the same. Our dataset also
matches other established datasets in this domain rather closely in terms of selection of variables, namely CARAVAN (Kratzert et al., 2023),
CAMELS-DE (Loritz et al., 2024) and CAMELS-GB (Coxon et al., 2020). The only substantial difference to all these datasets is that we
opted not to include derived climate and hydrological signatures of basins, since any aggregation of our data is optional and would depend on
the application. Arguably, since spatially resolved data is more abundant and detailed, it might render “summary statistics” of entire basins
less relevant to begin with. In any case, signatures can be readily calculated from the raw data contained in our dataset according to the user’s
preference. Throughout the table, all listed temporal variables across all datasets are aggregated daily, so “mean” temperature refers to daily
mean etc.

Our Dataset CAMELS CARAVAN CAMELS-DE CAMELS-GB

v
v v
v

Dynamic/meteo. variables ~ Temperature minimum v v
Temperature mean v
Temperature maximum v v
Dew point temperature min, mean, max
Potential evapotranspiration v
Pot. evapot. (rain corrected)
Daily precipitation sum v v
Daily precipitation variance v
Daily precip. min, mean, median, max, std v
Wind components N- and E-ward, min, mean, max N
Windspeed v
Humidity mean v
Humidity minimum
Humidity maximum
Shortwave radiation v
Shortwave radiation min, max
Longwave radiation
Longwave radiation min, max
Net surface radiation min, mean, max
Net surface radiation median, std v
Surface pressure min, mean, max
Day length
Snow water equivalent

ENENENENEN NN NN
ENENEN
N ENENEN

BN

Ancillary/static variables Hydrogeology
Land Cover
Soil Type
Orography

ENENENEN

SN IENENENEN

Basin signatures Hydrological signatures
Climate signatures
Gauging station properties
Human influence attributes
Simulated hydrologic time series (model output)

AN N NENENL NN
NN ENENENEN

River gauge data Catchment discharge
Catchment-specific discharge
Water level

ENENENS IENENENENEN IENENENEN
NN N
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