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Abstract.

Approximately 40 % of the European Alps consist of karstifiable rock. Due to their distinct recharge, storage, and dis-

charge properties, karst aquifers are key components of the hydrological cycle and water supply in the Alpine region. However,

large-sample datasets enabling comparative and data-driven analyses of karst spring discharge are currently lacking. Here,

we present ALPAKAS (ALPine hydrographs and catchment Attributes for KArst Springs), the first large-sample benchmark5

dataset specifically dedicated to karst springs. ALPAKAS comprises 242 daily and 183 hourly quality-controlled and consis-

tently preprocessed discharge time series from karst spring stations distributed across the EU Strategy for the Alpine Region

(EUSALP) area, with stations located in seven countries. The dataset is complemented by both existing catchment delineations

and circular catchment approximations, catchment-aggregated meteorological time series at multiple spatial scales, and a com-

prehensive set of static catchment attributes describing topography, positioning, meteorology, land cover, soil properties, and10

hydrogeology. In addition, the dataset includes karst-specific indices directly derived from the karst spring hydrographs.

ALPAKAS is available via Zenodo at https://doi.org/10.5281/zenodo.19329694 (Joger et al., 2026) under an open-access

licence and is accompanied by comprehensive documentation. By providing a harmonized, large-sample compilation of karst

spring catchments across diverse Alpine settings, the dataset enables comparative analyses, model benchmarking, and robust

assessments of hydrogeological processes and climate change impacts.15

1 Introduction

The European Alps (hereafter referred to as Alps), the largest mountain range in central Europe, contain the headwaters of

the major river systems Rhine, Danube, Rhône and Po and are therefore referred to as "Europe’s water tower" (Viviroli et al.,

2007). The Alps are among the regions in Europe most strongly affected by climate change and are warming almost twice

as much as the global mean (Kotlarski et al., 2023). Increasing temperatures reduce snow and ice storage and, together with20

changing precipitation regimes, lead to seasonal flow redistribution and increased hydrological variability (Beniston et al.,

2018). Particularly in snow- and glacier-dominated regimes, a shift toward more precipitation falling as rain, combined with
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earlier and more intense melting processes in winter, is expected to result in higher winter discharges (Wagner et al., 2017;

Moraga et al., 2021; Vremec et al., 2025). In addition, climate change is projected to induce shifts in land use and vegetation

patterns that are closely linked to the water cycle (Rumpf et al., 2022; Rubel et al., 2017). Despite being among the most25

extensively studied mountain regions worldwide, implications for the water balance remain complex in the Alps, as pronounced

topographic heterogeneity leads to strong spatiotemporal meteorological variability that is often inadequately captured by

available monitoring networks (Bongiovanni et al., 2025).

Beyond surface water, groundwater resources play a crucial role in sustaining streamflow in high mountain regions (Somers

and McKenzie, 2020). With ongoing glacier retreat, permafrost thaw and declining snowpack, mountain groundwater is ex-30

pected to become increasingly important relative to other water sources (van Tiel et al., 2024). Around 41 % of global karst

areas are located in mountain regions (Goldscheider et al., 2020). In the Alps, karstifiable rocks cover approximately 40 % of

the surface area, highlighting the widespread relevance of karst systems for regional groundwater (Chen et al., 2017; Gold-

scheider et al., 2025). Karst aquifers are characterized by strong structural and hydraulic heterogeneity, typically leading to

highly dynamic system behaviour and pronounced variability in spring discharge. Their often limited storage and buffering ca-35

pacities make them particularly sensitive to climate change, as they can respond rapidly to hydrological extremes (Chen et al.,

2018). At the same time, substantial portions of the regional drinking water supply, as well as parts of regional hydropower

generation, depend on karst aquifers (Wagner et al., 2017). Robust predictions of future karst spring discharge under changing

conditions, together with an improved understanding of dominant hydrogeological processes, are essential for assessing future

water availability in the wider Alpine region. This requires a solid and consistent data basis.40

Over the past decade, the CAMELS (Catchment Attributes and Meteorology for Large-sample Studies) datasets have be-

come a widely used reference in catchment hydrology by enabling large-sample hydrological analyses based on harmonized

streamflow time series, meteorological forcing data, and catchment attributes. Originally developed for the contiguous United

States (Newman et al., 2015; Addor et al., 2017), the CAMELS framework has since been extended to multiple countries,

often expanding attribute sets and adapting data products to regional conditions. For the wider Alpine region, CAMELS-style45

datasets are currently available for Switzerland (CAMELS-CH; Höge et al., 2023), Germany (CAMELS-DE; Loritz et al.,

2024), and France (CAMELS-FR; Delaigue et al., 2025), complemented by the closely related LamaH-CE dataset for Cen-

tral Europe (Klingler et al., 2021). At the global scale, the Caravan dataset (Kratzert et al., 2023) integrates multiple existing

large-sample hydrological datasets into a standardized resource. These developments have been closely linked to recent ad-

vances in machine learning for hydrological modelling, enabling model benchmarking, catchment comparison, and improved50

prediction in ungauged basins (e.g., Kratzert et al., 2019; Nearing et al., 2024). In contrast to surface water hydrology, compa-

rable large-sample datasets remain scarce in hydrogeology. A recent example is the GEMS-GER dataset (Ohmer et al., 2026),

which provides quality-controlled groundwater level time series for Germany along with meteorological data and site-specific

attributes following the general structure of the CAMELS datasets.

For karst systems, the World Karst Spring hydrograph database (WoKaS; Olarinoye et al., 2020) provides a global compila-55

tion of karst spring discharge hydrographs together with standardized metadata. More recently, a karst spring discharge dataset

covering Euro-Mediterranean mountain belts became available (Çallı et al., 2026). While both datasets enable comparative
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analyses of karst spring dynamics across a wide range of climatic and hydrogeological settings, their discharge time series

are mostly available at daily temporal resolution and lack consistent quality assessment. Moreover, the absence of catchment-

scale variables, such as meteorological forcing data and catchment attributes, limits their direct applicability for hydrological60

modelling. Owing to their broad spatial scope and uneven spatial distribution, coverage within the wider Alpine region re-

mains limited, with only 58 and 57 discharge time series, respectively, available within the EU Strategy for the Alpine Region

(EUSALP) area.

Despite the hydrological importance of karst springs for the wider Alpine region, to our knowledge, no harmonized, mul-

tivariable large-sample dataset of karst spring discharge currently exists. Karst studies are typically based on localized data65

that are individually processed, limiting the transferability of results. Consequently, cross-catchment analyses of karst spring

behaviour and climate sensitivity remain challenging. The ALPAKAS dataset (ALPine hydrographs and catchment Attributes

for KArst Springs) addresses this gap by providing a harmonized collection of 242 daily and 183 hourly karst spring dis-

charge hydrographs from the wider Alpine region, each subjected to a comprehensive and standardized preprocessing and

quality-control procedure. The dataset is complemented by catchment representations, associated catchment-scale variables,70

and extensive metadata. Catchment-scale variables include meteorological forcing data at multiple spatial scales and temporal

resolutions, as well as a comprehensive set of static attributes related to topography, positioning, meteorology, land cover, soil,

and hydrogeology. In addition, a set of statistical descriptors and karst-specific indicators characterizing storage properties and

flow behaviour is derived from the hydrographs. Although the degree of karstification varies among catchments, only stations

with clear geological evidence of karst influence are included in ALPAKAS.75

The dataset structure is closely aligned with the CAMELS framework, and particularly with CAMELS-CH, which was

developed to represent the heterogeneous topographic and hydroclimatic properties of Alpine catchments. ALPAKAS is, how-

ever, tailored to a regional focus on Alpine karst catchments and predominantly incorporates static attributes derived from

pan-European products. By extending the dataset beyond the mountainous core of the Alps to include stations across the wider

EUSALP area, additional sites are incorporated that currently experience climatic conditions potentially indicative of future80

conditions in parts of the core Alpine region. This broader representation facilitates integration into large-scale modelling

frameworks, enhances generalisability, and supports climate change impact assessments and projections. In contrast to most

large-sample hydrological datasets that rely on a single forcing product, ALPAKAS provides time series and climate-related at-

tributes from global, pan-European, and national data products. Region-wide products allow comparability and cross-catchment

learning across the full spatial extent of the dataset, while national datasets commonly provide the highest data resolution and85

quality within their respective areas of coverage. This multi-source design allows users to select among products or combine

data at different spatial scales to support more robust modelling approaches (Clerc-Schwarzenbach et al., 2024). Hourly hy-

drometeorological time series are included where available, as they are often required to capture diurnal discharge patterns

typical of snow- and glacier-influenced catchments.

The dataset provides a large-scale, harmonized compilation for karst spring catchments and is published as an open-access90

benchmark dataset. It follows FAIR principles (Wilkinson et al., 2016) and reproducibility standards, with documented prove-

nance and distribution in standard, machine-readable formats to facilitate reuse. Limitations and uncertainties are discussed
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in a separate section. The dataset is intended to support (i) comparative analyses and classification of Alpine karst systems,

(ii) training and benchmarking of process-based and data-driven models, and (iii) prediction of karst spring discharge and

assessment of climate change impacts across the wider Alpine region. Owing to its comprehensive and consistently processed95

variables, it is particularly suitable for machine-learning applications.

2 Spatial coverage

The ALPAKAS dataset covers the wider Alpine region as defined by the EUSALP perimeter, spanning an area of about 450,000

km2. It includes Austria (66 monitoring stations), Switzerland (27), and Liechtenstein (3), as well as parts of Germany (45),

France (40), Italy (4), and Slovenia (57). The region encompasses a broad range of topographic, climatic, and hydrological100

conditions characteristic of the Alps and their surrounding lowlands. An overview of the spatial coverage of ALPAKAS is

provided in Fig. 1, illustrating the EUSALP area together with the core Alpine region delineated by the Alpine Convention. Of

the 242 spring discharge monitoring stations included in the dataset, 119 are located within the core Alpine region.

Based on the Mediterranean Karst Aquifer Map (MEDKAM; Xanke et al., 2022), approximately 40 % of the core Alpine

region and about 29 % of the EUSALP area are covered by karst aquifers, defined in this study as aquifers in sedimentary and105

metamorphic carbonate rocks. These areas are highlighted in light blue in Fig. 1 and primarily represent carbonate rocks of

sedimentary origin, although some have been affected by metamorphic overprinting during Alpine orogenesis. Hydrogeological

settings where karst aquifers are possibly present at depth were not considered. The monitoring stations included in ALPAKAS

are distributed across eight major structural tectonic units, as shown in Fig. 2 (c). This classification follows Pfiffner (2009) and

comprises the Dinarides, Southern Alps, Eastern Alps, Helvetic units, Penninic units, Jura, European Foreland, and Provence110

Platform. The distribution of carbonate rocks within the core Alpine region and the corresponding structural tectonic units is

described in detail by Goldscheider et al. (2025).

The monitoring stations in ALPAKAS cover a broad range of elevations and discharge magnitudes, which are represented in

Fig. 1. Station elevations range from approximately 60 to 1680 m above mean sea level (a.m.s.l.), with a median elevation of

520 m a.m.s.l. Mean discharge varies widely across the dataset, from 0.1 to approximately 23,700 Ls−1, with a median value115

of 285 Ls−1.

Table 1 summarizes metadata attributes associated with the spring discharge monitoring stations. For each station, infor-

mation on the country, data provider, spring name, station coordinates, station elevation as well as on the station name and

station ID assigned by the respective data provider is included. In this dataset, the ALPAKAS ID serves as unique identifier

and consists of the ISO country code followed by a four-digit number. Additional station metadata are summarized in Table D1.120

These variables include information on anthropogenic influences affecting the discharge time series, as well as a wide range of

general information related to the station, spring, catchment, and the discharge data itself.
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Figure 1. Spatial coverage of the ALPAKAS dataset, defined by the EUSALP area, with the core Alpine region delimited by the Alpine

Convention. Major karst regions from the MEDKAM dataset and hillshade relief are shown for contextual reference, with national borders

indicated by grey lines. ALPAKAS monitoring stations are coloured by elevation and scaled by mean discharge classes. Mean discharge is

calculated exclusively across all hydrological years with at least 80 % data availability, as discussed in Sect. 4.3. Administrative borders: ©

2018-2025 GADM. Alpine Convention perimeter: Eurac Research and Permanent Secretariat of the Alpine Convention (2025). MEDKAM:

Xanke et al. (2022). Hillshade background: Derived from ESA (2023).

3 Catchment representations

The derivation of catchment-scale variables requires reliable representations of catchment boundaries. In karst systems, how-

ever, this is particularly challenging because hydrological boundaries are controlled predominantly by subsurface flow networks125

rather than by surface topography (Goldscheider and Drew, 2007). Therefore, ALPAKAS includes two alternative catchment

representations provided in vector format: (i) expert-based catchment boundaries compiled from public authorities and the

literature, where available, and (ii) circular catchment approximations derived based on a simple local water balance approach

to estimate catchment area and on topography and available tracer information to infer catchment orientation. The catchment
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Table 1. Most important station metadata available in ALPAKAS. Additional station metadata is provided in Table D1.

Attribute name Description Unit

ALPAKAS_ID Station identifier consisting of the ISO country code and a four-digit number -

country_code ISO 3166-1 alpha-2 country code -

data_provider Abbreviation of data provider -

spring_name Name of main spring monitored by station -

local_station_ID Official station identifier assigned by data provider -

local_station_name Official station name assigned by data provider -

station_lon Station longitude (EPSG:4326) °

station_lat Station latitude (EPSG:4326) °

station_easting Station easting (EPSG:3035) m

station_northing Station northing (EPSG:3035) m

station_elev Station elevation m a.s.l.

structural_unit Structural tectonic unit of the station location, following the classification of Pfiffner (2009) -

q_daily_start Date of first observation in daily time series -

q_daily_end Date of last observation in daily time series -

q_daily_obs Number of observations in daily time series -

q_daily_compl Completion ratio of available daily observations within the observation period -

q_hourly_available Indicator of whether hourly discharge data exists for the station in ALPAKAS -

q_hourly_start Date of first observation in hourly time series -

q_hourly_end Date of last observation in hourly time series -

q_hourly_obs Number of observations in hourly time series -

q_hourly_compl Completion ratio of available hourly observations within the observation period -

q_data_quality Categorical indicator of discharge data quality (poor; good), as defined in Sect. 4.1 -

ind_years_valid* Number of valid hydrological years in time series, as defined in Sect. 4.3. Hydrometeorological
indices were computed exclusively from these years

-

ind_start_date* Date of the first observation of the first valid hydrological year -

ind_end_date* Date of the last observation of the last valid hydrological year -

catch_expert_available Indicator of whether catchment-scale aggregates based on an expert-derived catchment delineation
are available in ALPAKAS (note that not all expert-derived delineations can be published)

-

catch_expert_shp Indicator of whether an expert-derived catchment delineation is published in ALPAKAS -

area_catch_expert Area of the expert-derived catchment delineation, if available km2

area_catch_approx Area of the catchment approximation km2

*Variables are provided separately for meteorological products: E-OBS (*_eobs), ERA5-Land (*_era5land) and national datasets (*_nat)

approximation approach builds on the method described by Thinius et al. (2026). It enables the estimation of catchment-scale130

variables for springs lacking well-defined catchment boundaries and was applied to all monitoring stations.

The station metadata indicate for each station whether catchment-scale aggregates based on an expert-derived delineation are

available, whether the corresponding shapefile is published within the dataset, and include the areas of both expert-based and

approximated catchments (Table 1). In total, the dataset comprises expert-based catchment aggregates for 151 springs, while
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the associated catchment geometries could only be included for 105 springs due to licensing restrictions. Details on catchment135

delineation, including data citations and delineation methods applied, are provided directly in the catchment delineation file,

whereas the catchment approximation file documents the tracer data sources and the number of tracer tests used to define

catchment orientation. While the quality of delineated catchments can vary considerably depending on data availability and

applied methods, circular catchment approximations are generally more uncertain and may differ substantially from delineated

catchments. Consequently, variables derived from approximated catchment representations should be interpreted with caution.140

A detailed description of the methodology used for the simplified catchment approximations is provided in Appendix A.

All catchment-scale variables in ALPAKAS were derived by aggregating spatially distributed information within each catch-

ment representation using area-weighted arithmetic means. This approach was applied consistently to derive the meteorological

time series and the static catchment attributes. For raster-based products, aggregation was performed using the exact_extract

function of the exactextractr R package (Baston, 2025), which accounts for the exact fractional overlap between raster cells145

and catchment polygons. This was considered particularly important for small catchments, where partial cell coverage can oth-

erwise introduce substantial aggregation bias. Although some spatial detail is inevitably lost through aggregation of distributed

data products, catchment attributes offer a coherent and comparable representation of catchment characteristics suitable for

data-driven modelling and cross-catchment analyses (Addor et al., 2017). Spatial analyses and mapping within ALPAKAS

were conducted using the ETRS89-LAEA Europe coordinate reference system (EPSG:3035) to ensure accurate area represen-150

tation across the dataset’s spatial coverage.

4 Hydrometeorological time series

All timestamps are reported in UTC+01 which corresponds to CET (winter time). Hourly data mark the beginning of the inter-

val, such that the indexed hour denotes the period from the stated hour to the subsequent hour (HH = (HH):00–(HH+01):00).

An overview of the hydrometeorological time series available in ALPAKAS is provided in Table C1.155

4.1 Discharge data

ALPAKAS comprises karst spring hydrographs obtained from public authorities, scientific monitoring networks and individual

researchers across all seven countries of the EUSALP region. The dataset contains both daily and hourly karst spring discharge

time series, which were subjected to a uniform preprocessing workflow. The observational data originate from national au-

thorities (ARSO (2020), AU (2025), BAFU (2025a, b), BMLUK (2025), SCHAPI (2022)), regional authorities (AfU (2025),160

ARPAV (2025), AWA (2025), Conthey (2025), DGE (2025), LfU (2025), LUBW (2025), Savoie (2025)), and several research

projects and research observation networks (Baudement et al. (2017), Bittner et al. (2018), Dirnböck (2020), Epting et al.

(2018), Jeannin et al. (2021), Olarinoye et al. (2020), SNO KARST (2025a, b, c)).

To ensure consistent data handling, all received discharge time series were standardized prior to preprocessing using R, in-

cluding harmonization of date formats and conversion of discharge units to Ls−1. The obtained data comprise three temporal165

resolution classes: (a) daily, (b) hourly, and (c) instantaneous observations (i.e. provider-specific sub-hourly records). Prepro-
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cessing steps were applied conditionally based on the original temporal resolution. In general, the highest resolution available

from each data provider was used and subsequently aggregated to hourly and daily time series following the preprocessing

workflow. For some providers, however, additional daily time series were included when they contained information not avail-

able in the higher-resolution records. The original temporal resolution of each time series is documented in the station metadata170

(Table D1). Where both were available, comparisons between daily values derived through aggregation of higher-resolution

data and those provided directly by data providers showed only minimal differences.

Beyond temporal resolution, the time series differed in data quality, underlying measurement infrastructure, applied methods,

and prior internal data processing practices. To achieve a consistent level of data harmonization across the dataset, a uniform

preprocessing workflow was implemented, while explicitly accounting for the substantial variability in hydrograph dynamics175

between individual karst systems. This preprocessing comprised the identification of outliers and artefacts using a combination

of manual and automated procedures and the annotation of the time series with various quality flags. Depending on the original

temporal resolution, the data were aggregated to hourly and daily time steps. For daily and hourly resolutions, identified outliers

were retained as flagged observations, allowing evaluation of the data cleaning process. For instantaneous data, outliers and

artefacts cannot be traced, as flagged observations were removed prior to aggregation. Additional flags describing resolution180

and quality of individual time series segments were assigned to facilitate flexible and efficient data subsetting. Finally, a

conservative changepoint detection was applied. Detected changepoints as well as the segment considered most reliable were

flagged to support the identification of affected time series sections. The preprocessing procedure implemented in R is described

in more detail in Appendix B.

Missing values in discharge time series of ALPAKAS were neither interpolated nor imputed. This decision is motivated by185

the highly dynamic nature of many karst spring hydrographs, for which the filling of larger gaps requires the incorporation of

precipitation data. As the dataset is also intended for machine learning applications, such gap filling could introduce data leak-

age, since imputation commonly exploit future information and may therefore provide models with information unavailable at

prediction time, violating temporal causality. Consequently, the treatment of missing values is deliberately left to the users of

the dataset, allowing them to apply methods appropriate to their specific use cases. It should be noted that the spring hydro-190

graphs were preprocessed by the data providers to varying extents, while detailed documentation of the applied preprocessing

steps is often unavailable. As part of the harmonisation effort to achieve a more uniform data quality across the dataset, linear

segments spanning several weeks and indicative of interpolation were identified and flagged in the discharge time series.

Owing to the strongly heterogeneous temporal coverage of individual time series, no common reference period was defined.

For each station, the full available record up to the end of 2024 was included in the dataset to support flexible use. During195

preprocessing, isolated observations and periods with coarser temporal resolution than the target resolution were retained rather

than removed, as they may provide valuable information. These segments were flagged accordingly, enabling straightforward

subsetting by temporal resolution class (Appendix B4).

For both daily and hourly resolutions, the start and end dates of the discharge time series, the total number of available

observations, and the completion ratio, defined as the number of observations divided by the total number of time steps between200

the first and last observation, are provided in the station-related metadata (Table 1). The metadata further include a categorical
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quality indicator that groups time series based on their overall appearance. Only six stations were classified as poor due to poor

effective measurement resolution, pronounced noise, or implausible hydrograph shapes. In this dataset, multiple stations can be

associated with a single karst spring. These stations may be located in close spatial proximity but cover different time periods.

Such associated stations are indicated in the metadata by providing the station identifiers of the corresponding upstream and205

downstream stations (Table D1).

4.2 Meteorological data

ALPAKAS contains precipitation and temperature time series derived from multiple meteorological data products spanning

global, continental, and national scales. By focusing on dynamic variables for which future projections exist, we support

scenario-based analyses. Because these data are obtained from continuous gridded products, the meteorological time series are210

gap-free. Meteorological catchment aggregates are provided for each station over the full period covered by the meteorological

dataset through the end of 2024, independent of availability of discharge observations.

For each monitoring station with an hourly discharge record, hourly precipitation and mean temperature are provided based

on ERA5-Land reanalysis data (Muñoz Sabater, J., 2019). Daily meteorological data products included in ALPAKAS are sum-

marized in Table 2, which highlights differences in spatial coverage, grid resolution, temporal extent, and data type. ERA5-Land215

is produced by the European Centre for Medium-Range Weather Forecasts (ECMWF) using a land surface model driven by

ERA5 atmospheric forcing. Daily ERA5-Land time series were derived from the hourly data, with minimum and maximum

temperatures defined by the corresponding hourly extremes. E-OBS is a daily observation-based gridded dataset derived by

interpolating quality-controlled station observations from the European Climate Assessment & Dataset (ECA&D). Together,

E-OBS and ERA5-Land provide a consistent long-term daily baseline at 0.1◦ spatial resolution across the entire dataset’s220

spatial coverage. For both products, ALPAKAS includes precipitation as well as minimum, mean, and maximum temperature

from 1950 onward, enabling homogeneous derivation of meteorological attributes across national boundaries. In contrast to the

region-wide datasets, national meteorological data products offer substantially higher spatial detail. Observation-based prod-

ucts at 1 km grid resolution are available for Austria (SPARTACUS; GeoSphere Austria, 2020), Switzerland and Liechtenstein

(RhiresD, TminD, TabsD, TmaxD; MeteoSwiss, 2024a, b, c, d), Germany (HYRAS; DWD, 2025a, b, c, d), and Slovenia (SLO-225

CLIM; Škrk et al., 2020). For France, daily meteorological fields from the SAFRAN reanalysis (Vidal et al., 2010) at a spatial

resolution of 0.072◦ were used, with rainfall and snowfall summed to derive total precipitation. While these national products

capture regional climatic variability in greater detail, they differ in temporal coverage and in the availability of temperature

variables, which should be considered when comparing meteorology-based attributes across product classes. In particular,

SPARTACUS and SLOCLIM do not provide daily mean temperature, and SLOCLIM is only available until 2018.230

The accumulation period of daily precipitation in the national meteorological data products typically spans from 06:00 to

06:00 local time, whereas ERA5-Land daily data are accumulated over the calendar day from 00:00 to 24:00 UTC. For E-OBS,

it is explicitly stated that the exact accumulation periods may vary among the contributing data providers. Consequently, the

differences in accumulation periods can lead to small temporal mismatches between precipitation and discharge data for some

products, which should be considered during analysis.235
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Table 2. Summary of daily meteorological data products and variables included in ALPAKAS.

Data product Variables Coverage Grid res. Time period Data type* Data source

E-OBS P, Tmin, Tmean, Tmax Europe 0.1 ° 1950 - 2024 GO Cornes et al. (2018)

ERA5-Land P, Tmin, Tmean, Tmax Global 0.1 ° 1950 - 2024 R Muñoz Sabater, J. (2019)

SPARTACUS P, Tmin, Tmax AT 1 km 1961 - 2024 GO GeoSphere Austria (2020)

RhiresD / TminD,
TabsD, TmaxD

P / Tmin, Tmean, Tmax CH, LI 1 km 1961/81 - 2024 GO MeteoSwiss (2024a, b, c, d)

HYRAS P, Tmin, Tmean, Tmax DE 1 km 1951 - 2024 GO DWD (2025a, b, c, d)

SAFRAN P, Tmin, Tmean, Tmax FR 0.072 ° 1958 - 2024 R Vidal et al. (2010)

SLOCLIM P, Tmin, Tmax SI 1 km 1950 - 2018 GO Škrk et al. (2020)

*GO = Ground observations; R = Reanalysis

4.3 Data availability by valid hydrological years

To prevent systematic biases arising from incomplete or seasonally uneven records (e.g., an increased frequency of missing

values during winter months) and to ensure comparability of meteorological and hydrological indices, static attributes derived

from meteorological and discharge data were evaluated only for hydrological years with data available for at least 80 % of

calendar days in both records (hereafter referred to as valid hydrological years). A common hydrological year definition span-240

ning from 1 October to 30 September was adopted consistently across the dataset, following the convention commonly used

in Austria and Switzerland, as it generally captures a complete snow accumulation and melt cycle also for higher-elevation

catchments in the Alps. As the meteorological data are derived from continuous gridded products, data availability was pri-

marily constrained by the discharge observations. Only stations with at least two valid hydrological years were retained in

ALPAKAS. For each meteorological data product class, the start date, end date, and the total number of valid hydrological245

years are provided in the station metadata (Table 1).

Fig. 2 provides an overview of the temporal and spatial availability of valid hydrological years for karst spring discharge data

in ALPAKAS with respect to the E-OBS and ERA5-Land meteorological data. Data availability is presented by major structural

tectonic units of the wider Alpine region, as defined by Pfiffner (2009) and provided in the station metadata (Table 1), enabling

an assessment independent of national boundaries and the large number of contributing data providers. Fig. 2 (a) illustrates250

the temporal distribution of valid hydrological years across ALPAKAS. The first valid hydrological year is 1951, reflecting

the onset of the E-OBS and ERA5-Land meteorological data. Only a few discharge time series from Slovenia extend further

back in time, with the earliest record beginning in 1924. Data availability remains relatively stable until the mid-1990s, albeit

with varying regional contributions and a decreasing dominance of records from the Dinarides. From the mid-1990s onward,

the number of time series containing valid hydrological years increases markedly. Between 2015 and 2022, data availability255

reaches a plateau, with over 60 % of all time series in the dataset containing valid hydrological years and a maximum of

161 stations in 2020. The apparent decline after 2022 is solely attributable to delays in data reporting by some providers at
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Figure 2. Temporal and spatial availability of daily discharge data for all stations included in ALPAKAS, illustrated based on valid hydrolog-

ical years with respect to E-OBS and ERA5-Land data. Stations are colour coded by structural tectonic units as derived from Pfiffner (2009).

(a) Number of sites with valid hydrological years over time. (b) Distribution of the total number of valid hydrological years per station.

(c) Spatial distribution of structural tectonic units and the number of valid hydrological years across the dataset. Each point represents a

monitoring station, with symbol size scaled according to classes of valid hydrological years. Administrative borders: © 2018-2025 GADM.

MEDKAM: Xanke et al. (2022).

the time of data acquisition. Fig. 2 (b) shows the distribution of the total number of valid hydrological years per site, which

ranges from 2 to 73, with a median of 14. Fig. 2 (c) illustrates the spatial distribution of valid hydrological years in relation

to structural tectonic units across the dataset. Data availability varies substantially across the EUSALP region, with most sites260

(65) located within the Eastern Alps, whereas only three and five sites are situated within the Penninic units and Provence

Platform, respectively.

5 Catchment attributes

5.1 Topography and Positioning

By controlling meteorological forcing and reflecting physiographic characteristics (Addor et al., 2017), catchment elevation265

exerts a key control on processes influencing karst spring discharge. To characterize topographic variability, a set of elevation

statistics (minimum, mean, median, maximum, 10th, 25th, 50th, 75th and 90th percentiles) was derived from the Copernicus

GLO-30 digital elevation model (GLO-30) at 30 m grid resolution (ESA, 2023). Mean slope and mean aspect (expressed as

northness and eastness) were derived from the corresponding precomputed products provided by the European Space Agency.

To obtain a meaningful aspect metric, aspect values were weighted by the sine of the slope angle, thereby reducing the influence270
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of nearly flat areas that lack a dominant orientation (Amatulli et al., 2018). In addition, the proportions of flat terrain (slope <

3°) and steep terrain (slope > 15°) were included following the CAMELS-CH dataset (Höge et al., 2023).

Drainage density was calculated as the ratio of the total length of all stream segments within the catchment boundaries to

the catchment area (Horton, 1932) and was considered a potential proxy for the degree of karstification. Stream networks were

extracted from the EU-Hydro River Network Database (EU-Hydro; EEA, 2019). In addition, positional attributes describing275

station location with respect to the Thiessen catchment and the river network of Strahler stream orders 1 and 2 were derived

from the Multiorder hydrologic Position for Europe (EU-MOHP) dataset (Nölscher et al., 2022) at 30 m grid resolution.

Climate zones at station locations were extracted from Beck et al. (2023) following the Köppen-Geiger climate classification.

Topographic and positional attributes are listed in Table D2.

5.2 Meteorology and hydrology280

Hydrometeorological indices (Table D3) were derived based on the preprocessed daily dataset after the removal of outliers,

artefacts, and unreliable time series segments identified through changepoint analysis (Sect. 4.1). Both attribute classes were

calculated exclusively for valid hydrological years to prevent systematic biases and to ensure the comparability of hydrological

and meteorological indices (Sect. 4.3). All indicators incorporating meteorological variables were computed independently

for each meteorological data product class. Hydrological indicators relying solely on discharge data were calculated for valid285

hydrological years with respect to the coverage of E-OBS and ERA5-Land.

Meteorological indices were closely aligned with the climatic attributes used in the CAMELS datasets. In addition to mean

daily precipitation, indicators of precipitation seasonality and extreme precipitation events, as well as the fraction of precipita-

tion falling as snow, were computed following the original CAMELS dataset (Addor et al., 2017). The calculation of extreme

precipitation events was adapted to allow analysis across segments of valid hydrological years separated by missing years,290

with segment-wise estimates subsequently averaged. In addition, mean daily temperature, hydrological-year mean daily min-

imum and maximum temperature, and the frequency of days with mean temperature ≤ 0°C were computed following Wood

et al. (2025). For consistency, mean daily temperature used in the calculation of snow fraction was defined as the average of

daily minimum and maximum temperature. Fig. 3 illustrates the spatial distributions of selected meteorological indices for the

monitoring stations included in ALPAKAS, computed from E-OBS data using the approximated catchments. While discussion295

and interpretation remain beyond the scope of this study, the figure reveals spatial patterns and correlations that highlight the

potential of the dataset for further analyses.

In addition to descriptive statistics of the discharge time series following Cinkus et al. (2023) (minimum, mean, maximum,

10th and 90th percentiles, and standard deviation), variability indices commonly used in karst hydrology were computed,

including the coefficient of variation and the spring variability coefficient (Flora, 2004). To further characterize the hydrody-300

namic behaviour of the karst systems, temporal dependence was analysed using autocorrelation of the discharge time series and

cross-correlation between precipitation and discharge, computed with the stats package in R. Prior to the analysis, data gaps of

up to five days were interpolated using a monotone Hermite spline from the zoo package (Zeileis and Grothendieck, 2005), as

suggested by Cinkus et al. (2023). Following Mangin (1984), autocorrelation was computed with a maximum time lag of 125
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Figure 3. Spatial distributions of selected meteorological indices (Table D3) computed based on the catchment approximations using E-OBS.

The overall distributions of the respective attributes are shown by accompanying histograms. Administrative borders: © 2018-2025 GADM.

Alpine Convention perimeter: Eurac Research and Permanent Secretariat of the Alpine Convention (2025).

days, while the memory effect was defined as the first time lag at which the autocorrelation function decreases to a value of305

0.2. For the cross-correlation analysis, both the maximum correlation coefficient and the corresponding lag were derived using

a maximum lag of 100. Because the computation of regulation time based on spectral analysis requires continuous discharge

records, the regulation time was approximated based on the standard deviation σ using the ratio σ250 σ−1, as proposed by

Bailly-Comte et al. (2023) and implemented into the XLKarst Excel tool. This metric is derived from the standard deviation of
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Figure 4. Spatial distributions of selected hydrological indices (Table D3) computed based on the catchment approximations using E-OBS

to compute cross-correlation. The overall distributions of the respective attributes are shown by accompanying histograms. Administrative

borders: © 2018-2025 GADM. Alpine Convention perimeter: Eurac Research and Permanent Secretariat of the Alpine Convention (2025).

discharge within a moving window of 250 days. As the discharge time series contain gaps and entirely missing hydrological310

years, only windows with at least 80 % data availability were retained. This constraint avoids a disproportionate influence of

data points adjacent to large gaps on σ250, which could otherwise lead to a systematic distortion of the metric. The spatial

distributions of selected hydrological indices are shown in Fig. 4. These indices display a much more spatially heterogeneous

pattern than the meteorological indices (Fig. 3), mainly reflecting the control exerted by the individual karst systems.

5.3 Land cover and glacier315

Land cover attributes were derived from the CORINE Land Cover (CLC) 2018 raster dataset (EEA, 2020) at 100 m spatial

resolution, provided by the European Environment Agency (EEA) through the Copernicus Land Monitoring Service. CLC

products are updated on a six-year cycle and are consistently available for the full spatial coverage of the dataset only from

2000 onward. The most recent dataset, CLC 2018, was selected as it offers the highest mapping accuracy and constitutes an

appropriate intermediate reference point between historical land use conditions and those relevant for future scenario analyses.320

CLC 2018 is primarily based on Sentinel-2 (10 m resolution) and Landsat-8 (30 m resolution) satellite imagery and contains
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44 land use classes. For ALPAKAS, land cover percentages per catchment were derived adopting the twelve categories defined

in CAMELS-CH (Höge et al., 2023): crop, grass and herb vegetation, shrub vegetation, forest (coniferous, deciduous and

mixed), wetland, ice and perpetual snow, inland water surface, rock (loose and solid) and settlements/urban (Table D4). These

categories were defined to capture the highly heterogeneous Alpine topography, which is also of central importance for our325

analysis.

The land cover class ice and perpetual snow was complemented with more reliable glacier outlines providing temporally

explicit snapshots of glacier coverage within each catchment, as also reported in Table D4. Glacier cover percentages for

2003 were derived from the Randolph Glacier Inventory (RGI Consortium, 2023), which for the Alpine region incorporates

Landsat-based outlines at 30 m mapping resolution from Paul et al. (2011). Glacier cover percentages for 2015 were obtained330

from the pan-European glacier inventory by Paul et al. (2019, 2020), which provides higher-accuracy outlines at 10 m mapping

resolution based on Sentinel-2 data and earlier glacier inventories. In addition, glacier fractions for 1850 were derived from

reconstructed outlines compiled by Reinthaler (2024) through geomorphological interpretations and historical topographic

maps. We acknowledge that more reliable and temporally continuous glacier datasets exist for individual countries within the

dataset’s spatial coverage. In addition to glacier area, the Swiss Glacier Monitoring Network GLAMOS (Linsbauer et al.,335

2021) provides high-resolution data on glacier volume, which is particularly useful for modelling glacier storage processes.

However, this study focuses on catchment attributes derived from data products that cover the full spatial extend of ALPAKAS

to maintain spatial consistency and comparability.

5.4 Soil

Soil attributes (Table D5) at catchment scale were primarily derived from the European Soil Database Derived (ESDD) dataset340

(Hiederer, 2013; Hiederer, Roland, 2013) provided by the European Soil Data Centre (ESDAC). The dataset has a spatial

resolution of 1 km and is based on harmonized national and regional soil information compiled in the European Soil Database

(ESDB). Topsoil and subsoil layer values were generally aggregated using depth-weighted averages, whereas total available

water content was calculated by summing layer values.

This information was complemented with soil porosity and saturated hydraulic conductivity from the 3D Soil Hydraulic345

Database of Europe (EU-SHD; Tóth et al., 2017) at 250 m spatial resolution. EU-SHD is derived from the SoilGrids database

(Hengl et al., 2017) using pedotransfer functions and is provided at the six standard SoilGrids depth intervals. These variables

were aggregated using weights corresponding to the respective depth intervals. Since SoilGrids relies on a global machine

learning approach trained on datasets with strong representation from the United States, these variables should be interpreted

with caution for the complex soil patterns in the Alpine region.350

As an additional attribute, depth to bedrock was derived from the Global 1-km Gridded Thickness of Soil, Regolith, and

Sedimentary Deposit Layers (GGT) dataset (Pelletier et al., 2016) at approximately 1 km spatial resolution. This dataset

provides the estimated thickness of unconsolidated and weathered material above bedrock and is calibrated using borehole

profiles primarily from the USA and Europe. As with the other global products, the derived attributes should be interpreted

cautiously, particularly in regions with complex topography such as the Alps.355
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5.5 Hydrogeology

Hydrogeological attributes (Table D6) were primarily derived from the International Hydrogeological Map of Europe 1:1,500,000

(IHME1500; BGR and UNESCO, 2019), provided by the Federal Institute for Geosciences and Natural Resources (BGR).

IHME1500 comprises harmonized pan-European hydrogeological information compiled from national contributions and ex-

pert interpretation and is organized within a multi-level lithological classification with five levels of detail. For ALPAKAS,360

the ten petrographic groups of lithology level 4 were used. The karst related level 1 classes limestones (jointed, karstified),

dolomitic limestones (jointed, karstified), and chalkstones, limestones (jointed, karstified) were additionally extracted, as they

are of particular interest for this dataset. Catchment-scale aggregates are also computed for the six IHME1500 aquifer produc-

tivity classes, ranging from highly productive aquifers to practically non-aquifer formations. These classes follow the Standard

Legend for Hydrogeological Maps (SLHyM) and represent expert-based regional assessments of groundwater productivity365

based on lithology, porosity type, and degree of fracturing or karstification.

To refine the representation of karst systems, the attributes karst aquifers in sedimentary and metamorphic carbonate rocks,

karst aquifer possibly present at depth, and non-karst aquifers were further derived from the Mediterranean Karst Aquifer

Map (MEDKAM; Xanke et al., 2022). The MEDKAM class karst aquifers in evaporite rocks is not present within the project

area. MEDKAM provides a regional compilation of karst aquifers at 1:5,000,000 scale and is based largely on IHME1500370

and additional national information, following the mapping approach of the World Karst Aquifer Map (WOKAM; Chen et al.,

2017).

However, even high-resolution regional maps typically fail to capture the heterogeneous and often conduit-dominated hy-

draulics of karst systems. Therefore, the hydrogeological attributes were complemented with hydrological indices directly

derived from the hydrographs to better characterize the karst systems in this dataset (Sect. 5.2).375

6 Uncertainties and limitations

6.1 Uncertainties in discharge data

The accuracy of spring discharge data can vary substantially depending on the measurement infrastructure, applied methods,

and prior internal data processing practices. In many cases, initial quality control is performed and missing data may be

interpolated by the respective data provider, but detailed documentation of the applied processing steps is often lacking. Spring380

discharge is typically monitored by recording hydrostatic pressure using submerged pressure sensors, from which water level

and, subsequently, discharge are inferred using empirically derived rating curves. Sensor calibration and rating curves are

a common source of uncertainty, especially for extreme hydrological events (Westerberg et al., 2022). Additional sources

of uncertainty include site or instrument changes, irregular or inadequate instrument maintenance, anthropogenic influences,

and temporal changes in channel controls (Wilby et al., 2017; Strohmenger et al., 2023). Consistent quality control of karst385

spring discharge remains particularly challenging owing to the high heterogeneity and dynamic flow conditions typical of karst

systems.
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Through the application of an extensive and conservative preprocessing procedure uniformly applied to all time series

(Fig. B1), ALPAKAS seeks to address these uncertainties with the aim of providing a dataset of daily and hourly quality-

controlled and harmonized spring discharge records. While visual inspection of hydrographs introduces subjectivity and re-390

duces reproducibility, it remains a recommended component of hydrological data quality assessment (Barthel et al., 2022) and

was therefore applied in combination with automated procedures. Accordingly, preprocessing involved the identification of

outliers through a combination of manual inspection and automated methods, as well as the detection of plateaus caused by

sensor cut-offs, abrupt step changes, interpolated segments, and periods of elevated noise. Outliers and artefacts were flagged

rather than removed to assure reproducibility and to allow users to independently assess the identified features. Additional qual-395

ity and resolution flags are provided to enable straightforward subsetting of the time series. These flags allow users to exclude

isolated observations, periods of reduced effective measurement resolution or increased noise, and changepoints indicative

for implausible behaviour, such as anthropogenic influence or station renewal. Where available, station metadata (Table D1)

further document the influence of surface water contributions and water extraction for drinking water supply or hydropower

production, as well as the measurement methods and instruments employed. The metadata also include documentation of data400

related issues, such as periods of unreliable measurements, station renewals, or station relocations.

Temporal resolutions of discharge time series in the dataset are heterogeneous and may change within individual records

as a result of implementation of more modern measurement techniques. Minor uncertainty may be introduced when resam-

pling higher resolution data to hourly and daily time series using time-weighted aggregation. In contrast, substantially greater

uncertainty is expected for some discharge records originating from pseudo-highly resolved time series with low effective mea-405

surement resolution. Restricting the calculation of hydrometeorological indices to valid hydrological years reduces systematic

biases caused by disproportionate seasonal representation. Nevertheless, major discharge events may be weekly captured or

missing in some time series due to damage or failure of measurement infrastructure, or because observed stages exceed the

calibrated range of rating curves, potentially introducing systematic biases.

6.2 Uncertainties in catchment-scale variables410

Catchment representations constitute a major source of uncertainty in this dataset, as catchment-scale variables critically de-

pend on their spatial definition and catchments are particularly difficult to derive for karst springs (Ford and Williams, 2007).

Accordingly, ALPAKAS clearly distinguishes between delineated catchments, for which information on the data provider and

delineation methods is provided, and circular catchment approximations, which serve as a pragmatic alternative where delin-

eated catchments are unavailable (Sect. A). Uncertainties associated with the catchment approximations are discussed in detail415

by Thinius et al. (2026). Additional uncertainty arises from the aggregation method applied to derive catchment-scale variables

from distributed data products (Sect. 3), which inevitably reduces spatial detail and may smooth local variability.

Owing to the large number of meteorological and static catchment attributes included in ALPAKAS, a detailed discussion

of uncertainties associated with individual data products from which the catchment-scale variables are derived is beyond the

scope of this study, and uncertainties may vary considerably within and between catchments. Instead, this section discusses420

general considerations relevant to the interpretation of these attributes. In general, it should be recognized that the effective
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resolution of aggregated catchment variables may differ substantially from the nominal grid resolution of the underlying data

products.

Uncertainties in data products used to derive static catchment attributes primarily arises from the quality of the input data,

scale and resolution mismatch, spatial generalisation that limits the accurate representation of locally heterogeneous character-425

istics, and assumptions inherent in model-derived products.

Similar to the products used for static catchment attributes, uncertainties in observation based meteorological products (Ta-

ble 2) primarily arise from measurement errors, heterogeneous station density, and the spatial interpolation of station data used

to generate gridded fields, which can smooth local variability and dampen extremes (Cornes et al., 2018). Additional uncertainty

stems from temporal inhomogeneities related to changes in instruments, station locations, or observing practices (Bongiovanni430

et al., 2025), which can have pronounced effects at the catchment scale, particularly given the long time periods covered by

the data included in ALPAKAS. As reanalysis data are generated by assimilating observations into numerical weather models,

uncertainties inherent to observation based products generally also apply and propagate through the assimilation process. In

addition, reanalysis meteorological products are subject to uncertainties related to model structure and parameterisation, lim-

itations in data assimilation, and the representation of physical processes. Both observational and reanalysis data may exhibit435

biases particularly in precipitation, with pronounced effects in data sparse regions and in areas of complex topography such as

the Alps (Bongiovanni et al., 2025). Uncertainties specific to individual meteorological products are described in the respective

dataset documentations accompanying each product (Table 2).

7 Conclusions

Standardized large-sample benchmark datasets play an increasingly important role in enabling comparative and data-driven440

research. ALPAKAS addresses this need by integrating 242 daily and 183 hourly quality-controlled and harmonized karst

spring discharge hydrographs for the wider Alpine region from more than 20 different providers. It is complemented by catch-

ment representations and a comprehensive set of catchment-scale variables, derived from existing delineations for 151 springs

and supplemented by a simple catchment approximation approach that provides catchment aggregates for all stations. As the

first large-sample dataset specifically targeting Alpine karst springs, ALPAKAS offers several distinctive features, including445

the integration of multiple meteorological products at different spatial scales and the provision of hourly time series where

available.

By providing a consistent and transparent data basis, ALPAKAS creates new opportunities for comparative analyses, bench-

marking of process-based and data-driven models, and more robust assessments of hydrogeological processes and climate

change impacts affecting Alpine karst springs. Its structure is aligned with the widely used CAMELS framework, supporting450

compatibility with established large-sample hydrology workflows. By reducing the need for individual data harmonisation

and preprocessing, it facilitates more efficient and reproducible research. Owing to its open and extensible design, ALPAKAS

can be expanded to include additional spring discharge monitoring stations, further catchment-scale variables, karst-specific

indices, and climate projection data, providing a foundation for future large-sample studies of karst hydrology.
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8 Code and data availability455

The ALPAKAS dataset is freely available via Zenodo at https://doi.org/10.5281/zenodo.19329694 (Joger et al., 2026) under an

open-access license. It follows the FAIR principles (Wilkinson et al., 2016) and is accompanied by comprehensive documen-

tation. All code used for dataset processing was implemented in R and is publicly available via a dedicated code repository at

https://github.com/FelixJoger/ALPAKAS (last access: 20 August 2026), including documentation for reproducibility. R pack-

age dependencies are managed and documented using the renv package (Ushey and Wickham, 2026).460

Appendix A: Circular catchment approximations

The approach to approximate spring catchments builds on the method described by Thinius et al. (2026). It is not intended to

delineate exact karst catchment boundaries, which would require detailed information on geology, groundwater flow directions,

and hydrological conditions. Instead, the approach provides simple, circular approximations suitable for deriving catchment-

scale aggregates for large-scale modelling purposes where catchment delineations based on local information are not available.465

The catchment approximations are derived in two sequential steps: (i) estimation of catchment size using a simple local

water-balance approach and (ii) determination of catchment orientation relative to the spring station. The water balance estimate

in step (i) was calculated from monthly ERA5-Land data (Muñoz Sabater, 2019) under the assumption that the system has no

additional outflow or inflow from deep regional groundwater systems and that all recharge ultimately contributes to spring

discharge. To shift the circular approximation towards the most likely recharge area relative to the spring station in step (ii), the470

centroid of the topographic catchment was used as a proxy for catchment orientation. Topographic catchment delineation was

done using the Copernicus DEM GLO-30 (30 m resolution) (ESA, 2023) and the Whitebox package (Wu and Brown, 2025;

Lindsay, 2016) in R.

The approach applied in the ALPAKAS dataset differs slightly from that described by Thinius et al. (2026), as tracer-test data

were incorporated alongside topographic information whenever available. This additional information was considered because475

tracer tests are widely regarded as one of the most reliable methods for catchment delineation in karst regions (Goldscheider

et al., 2008). Tracer tests were identified through literature review for 123 of the 243 stations in the dataset. For 77 of these

stations, ALPAKAS also includes an expert-based catchment delineation. As tracer tests are commonly conducted to investigate

catchment boundaries, it is likely that the catchment delineations included in ALPAKAS are not exhaustive.

For each of the N injection points with positive detection at the spring, the vector dn = In −A0 points from the station to480

the tracer injection location. The distance-weighted mean direction is then computed as

dmean = wtopod̂topo +

N∑

n=1

wnd̂n , (A1)

where d̂topo and d̂n are unit vectors representing the topographic and tracer-derived directions, respectively. The corresponding

weights are defined as

wtopo =
1

N +1
;wn =

N

N +1

||dn||∑N
k=1 ||dn||

, (A2)485
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Figure A1. Example and validation of catchment approximations. (a) Spatial overview for the Source du Verneau showing the topographic

catchment, measuring station, positive tracer connections (DREAL Bourgogne Franche-Comté, 2020), expert-derived catchment (Charlier

et al., 2014; Tissot and Tresse, 1978), shift direction r d̂mean, and the resulting catchment approximation. (b) Spatial distribution of Intersection

over Union (IoU) between the approximations and known catchments for all sites. (c) Spatial overview of over- or underestimation of

catchment area by the approximations relative to the known catchments. Administrative borders: © 2018-2025 GADM. Alpine Convention

perimeter: (Eurac Research and Permanent Secretariat of the Alpine Convention, 2025).

with ||dn|| denoting the distance from the spring to the n-th injection point. Including the topographic watershed centroid as a

pseudo-injection point ensures that both the topographic reference and the directions toward tracer injection points contribute

proportionally, with longer distances receiving higher weighting. For the final catchment estimate, the circular buffer centered

on the spring station is shifted along the normalized mean direction d̂mean until the spring lies on the circle boundary, thereby

representing the catchment outlet.490

The approach was validated using the Intersection over Union (IoU) between the circular catchment approximation and the

reference catchments, which was calculated for 151 measuring stations with known basins (Fig. A1(b)). An IoU of 1 means

perfect agreement whereas 0 indicates no overlap at all. The median IoU is 0.34, reflecting the inability of a geometrically ide-

alized circular approximation to reproduce the irregular shapes of natural catchments (e.g. the Source du Verneau; Fig. A1(a)).

The incorporation of tracer-test data improved agreement with expert-based delineations in the dataset, increasing the median495

IoU from 0.30 to 0.34, particularly in regions where groundwater flow systems are only weakly controlled by surface topog-

raphy. Since tracer data were available for approximately 51 % of stations in both the validation subset and the full dataset,

this improvement in IoU observed in the validation subset may be considered broadly representative of the entire dataset. Area

estimates derived from the simplified mass-balance approach exhibit a positive bias, particularly in the core Alpine region, and

a negative bias in the European Foreland (Fig. A1(c)), with a median overestimation of 9 % across all stations. However, appar-500

ent over- or underestimation of recharge areas does not necessarily indicate true modelling errors, as the reference catchments

themselves are subject to uncertainty and vary in both data quality and delineation methodology. Uncertainties associated with

the method originate from ERA5-Land reanalysis input data and simplifying balance assumptions in step (i), as well as from
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the circular shape and the topography-based watershed delineation in step (ii). A detailed presentation and discussion of the

catchment approximation method and its uncertainties can be found in Thinius et al. (2026).505

Appendix B: Preprocessing of discharge time series

Preprocessing steps were applied depending on the original temporal resolution class of the time series (Sect. 4.1) and are

illustrated in the workflow presented in Fig. B1.

B1 Manual data cleaning

As an initial step of the preprocessing, a conservative manual screening of all discharge time series was performed to identify510

obvious outliers and artefacts based on expert judgement. Particular emphasis was placed on recession limbs, which were visu-

ally inspected and compared with similar recession events within the same time series to detect irregular behaviour. Identified

artefacts primarily included plateaus caused by sensor cut-offs, abrupt step changes, extended segments indicative of linear

interpolation, highly noisy periods, and other anomalous patterns. For stations with original data available at both hourly and

daily resolution, dates in the daily time series corresponding to outliers or artefacts identified in the hourly data were also515

flagged.

B2 Automatic outlier detection

Subsequently, a novel automatic outlier detection approach was applied to specifically identify sharp dips and sharp spikes

in the discharge time series, typically caused by sensor anomalies. The method is based on relative change rates within a

percentile-based framework, whereby each observation is compared with mean change rates calculated separately for positive520

and negative changes within each decile of the time series. This allows the algorithm to account for variations in typical change

rates depending on a data point’s position within the hydrograph (e.g., along the recession limb). Sharp dips and sharp spikes

are defined as sudden, localized reversals in the time series. Sharp dips correspond to pronounced decreases followed by abrupt

increases, whereas sharp spikes represent pronounced increases followed by abrupt decreases. A sharp dip is flagged when the

decrease relative to the preceding value falls below a negative threshold and the subsequent increase exceeds a corresponding525

positive threshold. Conversely, a sharp spike is identified when an initial increase exceeds the positive threshold and is followed

by a decrease below the negative threshold. Thresholds are defined as a change rate factor multiplied by the mean positive or

negative change rate within the respective decile. The respective conditions for sharp dips and sharp spikes were thus defined

as

rdec,i < rdec,p(i)Fdip and rinc,i+1 > rinc,p(i+1)Fdip ; (B1)530

rinc,i > rinc,p(i)Fspike and rdec,i+1 < rdec,p(i+1)Fspike , (B2)

where rinc,i and rdec,i denote positive and negative relative change rates at observation i, respectively, rinc,p(i) and rdec,p(i)

are the mean positive and negative change rates within the decile containing observation i, respectively, and Fdip and Fspike
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Figure B1. Preprocessing workflow for discharge time series originally available at instantaneous, hourly, and daily temporal resolution

classes.

are the corresponding change rate factors. Change rate factors of Fdip = 10 and Fspike = 20 were empirically determined, with

the more conservative factor for spikes chosen to avoid misclassifying genuine high-flow peaks as outliers. The reliability of535

the method was confirmed through ex post manual verification.

Automatic outlier detection was applied exclusively to hourly and instantaneous time series comprising at least 1000 ob-

servations after excluding segments with temporal resolutions lower than hourly. Multiple iterations were performed until the

detection process converged, and no additional outliers were detected. The prior manual screening of outliers and artefacts was

essential to prevent distortion of the data distribution. All identified outliers were flagged and retained in the dataset.540

B3 Data aggregation

After removing identified outliers and artefacts, instantaneous time series were resampled to hourly values. Resampling was

performed using time-weighted aggregation based on trapezoidal integration, allowing a maximum gap length of one hour. For

hours with incomplete data coverage, integration was performed only over the available segments. Time stamps refer to the

beginning of the aggregation interval.545

Daily aggregation of the cleaned hourly data was then performed calculating the arithmetic mean of all available hourly

values within each day, following linear interpolation of hourly gaps up to a maximum duration of 24 hours. This procedure was

also applied to nominally daily time series that were generally recorded at a fixed hourly timestamp (e.g., daily measurements
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at 04:00). Because recording times occasionally varied within individual time series, this approach helped to prevent temporal

offsets between observed karst spring responses and corresponding drivers such as meteorological inputs.550

B4 Data quality and temporal resolution flags

To enable flexible and efficient data subsetting, additional flags describing data quality and temporal resolution were assigned

to both the daily and hourly preprocessed time series. For each data point, the minimum temporal distance to the preceding

or subsequent observation is provided and classified into temporal interval classes (hourly; ≤ daily; ≤ weekly; > weekly),

thereby enabling the identification and removal of isolated observations. To facilitate the exclusion of periods with lower or555

heterogeneous measurement resolution, dominant temporal resolution classes were manually identified for extended periods

and flagged accordingly (hourly; daily; subweekly; weekly; biweekly; monthly). Notably, changes in measurement frequency

may reflect modifications in measurement methods or infrastructure. In addition, quality flags were manually assigned to

periods characterized by reduced effective measurement resolution or increased noise. This quality assessment was based

exclusively on internal characteristics and deviations within individual time series.560

Finally, changepoint detection was applied to the daily (aggregated) time series using the Pruned Exact Linear Time (PELT)

algorithm, as implemented in the changepoint package in R (Killick and Eckley, 2014). Changes in both the mean and vari-

ance of the time series were considered simultaneously by fitting segment-wise parametric models and identifying changepoints

where the improvement in model fit exceeded the applied penalty. Prior to analysis, identified outliers and artefacts, as well as

time series segments with a dominant temporal resolution coarser than daily were excluded. As PELT requires complete time565

series, short data gaps of up to four weeks were linearly interpolated, whereas longer gaps were excluded entirely to avoid de-

tecting changepoints driven by interpolation-induced trends. The exclusion of extended gaps was not considered problematic,

as the analysis aimed to identify sustained shifts in mean or variance rather than short-term fluctuations. To balance sensitivity

and overfitting, the penalty parameter was manually calibrated following Killick and Eckley (2014) by multiplying a penalty

factor with the logarithm of the number of daily values. After extensive testing, a penalty factor of 250 was found to provide570

the most robust results. This relatively high penalty was required to account for the potentially highly dynamic behaviour of

karst systems and to restrict detection only on distinct changepoints. While the method effectively identified genuine change-

points across the time series, a small number of additional changepoints were detected during extended periods of low or

absent discharge, as commonly observed for intermittent overflow springs. Manual post-validation was therefore performed to

distinguish genuine structural changes from changepoints triggered by prolonged low-flow conditions. To enable flexible data575

selection, each observation was assigned a numerical segment flag, with an additional flag indicating the segment considered

most reliable based on expert judgement. The final segmentation was subsequently transferred to the corresponding hourly

time series to ensure consistency across temporal resolutions.
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Appendix C: Hydrometeorological time series available in ALPAKAS

Table C1. Hydrometeorological time series available at daily and hourly resolution in ALPAKAS, including data quality and temporal

resolution flags associated with the discharge hydrographs (Sect. 4.1).

Time series class Time series name Description Unit Data source

Hydrological
time series

discharge Daily/hourly discharge L s−1 ARSO (2020), AU (2025),
BAFU (2025a, b), BMLUK
(2025), SCHAPI (2022), AfU
(2025), ARPAV (2025), AWA
(2025), Conthey (2025), DGE
(2025), LfU (2025), LUBW
(2025), Savoie (2025),
Baudement et al. (2017),
Bittner et al. (2018), Dirnböck
(2020), Epting et al. (2018),
Jeannin et al. (2021),
Olarinoye et al. (2020), SNO
KARST (2025a, b, c)

qc_flag Quality control flag indicating outliers and
artefacts

-

qc_type Type of quality control issue (outlier; artefact) -

qc_detect_method Method used to detect quality control issue
(manual; automatic)

-

temp_res Minimum temporal distance to the preceding
or subsequent observation (hourly; ≤ daily; ≤
weekly; > weekly)

-

temp_res_dom Dominant temporal resolution over extended
periods of the time series (hourly; daily; sub-
weekly; weekly; biweekly; monthly)

-

dq_issue Classification of periods with reduced data
quality (weekly_meas_res: reduced effective
measurement resolution; strong_noise: in-
creased noise)

-

cpd_segment_id Segment identifier for time series in which
changepoints were detected

-

cpd_segment_main Indicator of the most reliable segment -

Meteorological
time series

precipitation* Total daily/hourly precipitation mm d−1/
mm h−1

Cornes et al. (2018) Muñoz
Sabater, J. (2019), GeoSphere
Austria (2020), MeteoSwiss
(2024a, b, c, d), DWD
(2025a, b, c, d), Vidal et al.
(2010), Škrk et al. (2020)

temperature_min* Minimum daily/hourly temperature °C

temperature_mean* Mean daily/hourly temperature °C

temperature_max* Maximum daily/hourly temperature °C

*Variables are provided separately for meteorological products: E-OBS (*_eobs), ERA5-Land (*_era5land) and national datasets (*_nat)
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Appendix D: Static attributes available in ALPAKAS580

Table D1. Additional station metadata available in ALPAKAS.

Attribute name Description Unit

station_type Station type, distinguishing spring stations (located within a few hundred meter of the spring and
not significantly influenced by surface flow) and stream stations. All stations in this dataset are
primarily influenced by springs.

-

station_in_alp_conv Indicator of whether the station is located within the Alpine Convention perimeter -

upstream_stations Identifiers of stations located upstream such that discharge at one station affects the discharge at
another station

-

downstream_stations Identifiers of stations located downstream such that discharge at one station affects the discharge at
another station

-

impact_surface_water Indicator of whether station discharge is impacted by surface water flow -

impact_water _ex-
traction

Indicator of whether station discharge is impacted by water extraction -

comment_water_use Details on water use, including drinking water abstraction, hydropower plants, or dams, even if no
impact on discharge is assumed

-

comment_station Details on the station, including measurement methods and instruments, influence of surface flow,
or distance to the springs

-

comment_spring Details on the spring, including spring type, contributing springs, capture characteristics, or alter-
native spring names

-

comment_catchment Details on the catchment, with a focus on geology and hydraulic connections -

comment_data Details on the data, including periods of unreliable data, or station renewals -

literature Relevant scientific publications and official reports regarding the station, including DOI links
where available

-

WoKaS_ID Station identifier assigned by the WoKaS database, if applicable -

MEDKAM_ID Station identifier assigned by the MEDKAM database, if applicable -

WOKAM_ID Station identifier assigned by the WOKAM database, if applicable -

q_orig_res_inst Indicator of whether an original discharge time series with a temporal resolution finer than hourly
was used during preprocessing

-

q_orig_res_hourly Indicator of whether an original discharge time series with an hourly temporal resolution was used
during preprocessing

-

q_orig_res_daily Indicator of whether an original discharge time series with a daily temporal resolution was used
during preprocessing

-
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Table D2. Static catchment attributes available in ALPAKAS related to topography and geographic positioning. [1-2] refer to Strahler stream

orders 1 and 2, respectively.

Attribute class Attribute name Description Unit Data source

Topography
and
Positioning

elev_mean Mean elevation within catchment m a.s.l. GLO-30 (ESA,
2023)elev_min Minimum elevation within catchment m a.s.l.

elev_10 10th percentile elevation within catchment m a.s.l.

elev_25 25th percentile elevation within catchment m a.s.l.

elev_50 50th percentile elevation within catchment m a.s.l.

elev_75 75th percentile elevation within catchment m a.s.l.

elev_90 90th percentile elevation within catchment m a.s.l.

elev_max Maximum elevation within catchment m a.s.l.

slope_mean Mean slope within catchment °

flat_area_perc Percentage of catchment area with slope smaller than 3° %

steep_area_perc Percentage of catchment area with slope greater than 15° %

northn_mean Mean northness within catchment as the average cosine of
terrain aspect

-

eastn_mean Mean eastness within catchment as the average sine of terrain
aspect

-

drainage_density Drainage density as a ratio of stream length within catchment
and catchment area (Horton, 1932)

km km−2 EU-Hydro (EEA,
2019)

DSD_[1-2] Divide to stream distance as the sum of distances to the near-
est stream and the catchment divide

m EU-MOHP
(Nölscher et al.,
2022)LP_[1-2] Lateral position as the relative measure of the position be-

tween the nearest stream and the catchment divide
m

SD_[1-2] Stream distance as the distance to the nearest stream m

climate_zone Köppen-Geiger climate classification at the station location - Beck et al. (2023)
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Table D3. Static catchment attributes available in ALPAKAS related to meteorology and hydrology.

Attribute class Attribute name Description Unit Data source

Meteorology p_mean* Mean daily precipitation mm d−1

p_seasonality* Seasonality and timing of precipitation (estimated using sine
curves to represent the annual temperature and precipitation
cycles, positive (negative) values indicate that precipitation
peaks in summer (winter), and values close to zero indi-
cate uniform precipitation throughout the year (see Eq. 14
in Woods (2009))

-

frac_snow* Fraction of precipitation falling as snow, i.e., on days with
mean temperature < 0°C

-

high_prec_freq* Frequency of high-precipitation days (≥ 5 times mean daily
precipitation)

d y−1

high_prec_dur* Average duration of high-precipitation events (number of con-
secutive days ≥ 5 times mean daily precipitation)

d

high_prec_timing* Season during which most high-precipitation days occur, e.g.,
"jja" for summer (if two seasons record the same number of
events, “NA” is reported)

season

low_prec_freq* Frequency of dry days (≤ 1 mm d−1) d y−1

low_prec_dur* Average duration of dry periods (number of consecutive days
≤ 1 mm d−1)

d

low_prec_timing* Season during which most dry days occur, e.g., "son" for au-
tumn (if two seasons record the same number of events, “NA”
is reported)

season

t_mean* Mean daily temperature °C

tg_min_hy_mean* Hydrological-year mean daily minimum temperature °C

tg_max_hy_mean* Hydrological-year mean daily maximum temperature °C

cold_days_freq* Frequency of days with mean temperature ≤ 0°C d y−1

Hydrology q_mean Mean daily discharge L s−1

q_min Minimum daily discharge L s−1

q_10 10th percentile daily discharge L s−1

q_90 90th percentile daily discharge L s−1

q_max Maximum daily discharge L s−1

q_sd Standard deviation of daily discharge L s−1

CV Coefficient of variation (ratio of q_sd to q_mean) -

SVC Spring variability coefficient (ratio of q_90 to q_10 (Flora,
2004))

-

ac_memory_lag Autocorrelation memory lag (time lag at which discharge au-
tocorrelation decreases to a value of 0.2 (Mangin, 1984))

d

regulation_time Estimate of the regulation time proposed by Bailly-Comte
et al. (2023) (Eq. 01), adapted as described in Sect. 5.2

d

cc_peak_lag* Cross-correlation lag (time lag of maximum cross-correlation
between discharge and precipitation input)

d

cc_peak_r* Cross-correlation maximum value (maximum correlation coef-
ficient between discharge and precipitation input)

-

*Variables are provided separately for meteorological products: E-OBS (*_eobs), ERA5-Land (*_era5land) and national datasets (*_nat)
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Table D4. Static catchment attributes available in ALPAKAS related to land cover and glacier.

Attribute class Attribute name Description Unit Data source

Land cover crop_perc Percentage of agriculture % CLC 2018 (EEA,
2020)grass_perc Percentage of grass and herb vegetation %

shrub_perc Percentage of medium-scale vegetation %

dwood_perc Percentage of deciduous forest %

mix_wood_perc Percentage of mixed forest %

ewood_perc Percentage of coniferous forest (evergreen) %

wetland_perc Percentage of wetland %

inwater_perc Percentage of inland water %

ice_perc Percentage of glaciers and perpetual snow %

loose_rock_perc Percentage of loose rocks and bare soils %

rock_perc Percentage of hard rocks and bare soils %

urban_perc Percentage of urban and settlements %

Glacier glacier_1850_perc Percentage of glacier area in 1850 % Reinthaler (2024)

glacier_2003_perc Percentage of glacier area in 2003 % RGI (RGI Con-
sortium, 2023)

glacier_2015_perc Percentage of glacier area in 2015 % Paul et al. (2019)

Table D5. Static catchment attributes available in ALPAKAS related to soil.

Attribute class Attribute name Description Unit Data source

Soil sand_perc Percentage of sand % ESDD (Hiederer,
2013; Hiederer,
Roland, 2013)

silt_perc Percentage of silt %

clay_perc Percentage of clay %

organic_perc Percentage of organic carbon %

coarse_fragm_perc Percentage of coarse fragments %

bulk_dens Bulk density g cm−3

tot_avail_water Total available water content derived from pedotransfer func-
tions

mm

root_depth Depth available to roots cm

soil_porosity Volumetric porosity approximated by the saturated water con-
tent

- EU-SHD (Tóth
et al., 2017)

soil_conductivity Saturated hydraulic conductivity cm h−1

bedrock_depth Depth to bedrock m GGT (Pelletier
et al., 2016)

28

https://doi.org/10.5194/essd-2026-707
Preprint. Discussion started: 3 September 2026
c© Author(s) 2026. CC BY 4.0 License.



Table D6. Static catchment attributes available in ALPAKAS related to hydrogeology. L1 and L4 indicate that the attribute is derived from

the lithological levels 1 and 4 of the IHME1500 dataset, respectively.

Attribute class Attribute name Description Unit Data source

Hydrogeology karst_carb_aquif
_perc

Percentage of karst aquifers in sedimentary and metamorphic
carbonate rocks

% MEDKAM
(Xanke et al.,
2022)pot_karst_aquif

_perc
Percentage of various hydrogeological settings in other sedi-
mentary and volcanic formations (karst aquifers are possibly
present at depth)

%

no_karst_aquif
_perc

Percentage of non-karst aquifers %

calc_perc Percentage of calcareous rocks (L4) % IHME1500 (BGR
and UNESCO,
2019)

silic_perc Percentage of siliciclastic rocks (L4) %

magm_perc Percentage of magmatic rocks (L4) %

metam_perc Percentage of metamorphic rocks (L4) %

calc_crse_sed_perc Percentage of calcareous rocks and coarse sediments (L4) %

calc_fine_sed_perc Percentage of calcareous rocks and fine sediments (L4) %

silic_crse_sed_perc Percentage of siliciclastic rocks and coarse sediments (L4) %

silic_fine_sed_perc Percentage of siliciclastic rocks and fine sediments (L4) %

crse_sed_perc Percentage of coarse sediments (L4) %

fine_sed_perc Percentage of fine sediments (L4) %

lime_karst_perc Percentage of limestones (jointed, karstified) (L1) %

dol_lime_karst
_perc

Percentage of dolomitic limestones (jointed, karstified) (L1) %

chalk_lime_karst
_perc

Percentage of chalkstones, limestones (jointed, karstified) (L1) %

porous_high_prod
_perc

Percentage of highly productive porous aquifers %

porous_low_mod
_prod_perc

Percentage of low and moderately productive porous aquifers %

fissured_high_prod
_perc

Percentage of highly productive fissured aquifers %

fissured_low_mod
_prod_perc

Percentage of low and moderately productive fissured aquifers %

local_aquif_perc Percentage of locally aquiferous rocks, porous or fissured %

non_aquif_perc Percentage of practically non-aquiferous rocks, porous or
fissured

%
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