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Abstract. Seasonal hydrological forecasts play a crucial role in water resource management and climate change adaptation,

supporting a wide range of planning and decision-making activities. Access to tools, products, data and services is essential

in helping societies to better prepare for and adapt to conditions in a changing climate. The demand for forecasts at monthly

or longer timescales is increasing, and has resulted in several meteorological prediction systems being available. Notably,

hydrological seasonal forecasts have shown high skill for longer lead-times than their meteorological counterparts, which5

makes them potentially useful for planning purposes for water resources management and risk reduction. Under the umbrella of

the Copernicus Climate Change Services (C3S), an operational service has been established to provide operational hydrological

seasonal forecasts for Europe. The service provides historical re-forecasts and operational monthly initialized forecasts of daily

and monthly mean river discharge, runoff, snow water equivalent and soil wetness index up to a six-month horizon. A total of six

hydrological models (E-HYPEcatch00, E-HYPEcatch01, E-HYPEcatch06, E-HYPEcatch09, E-HYPEgrid, and VIC-WUR)10

are running in the service, with forcing from two meteorological seasonal forecast systems (ECMWF-s51 and CMCC-s35). The

output resolution is at catchment delineations for the E-HYPEcatch models, and at the 5 km drainage network of the Lisflood

hydrological model used in the European Flood Awareness System (EFAS) for the two gridded models (E-HYPEgrid and

VIC-WUR). This paper describes the production chain and the included model components, with evaluations of performance

of the separate models, and the skill of the seasonal forecasts calculated for a 23 year long re-forecast period. All data are freely15

available from the Climate Data Store (CDS), with updated 6-month forecasts issued each month (doi:10.24381/84dbf36e and

10.24381/ebac3954).

1 Introduction

Hydrological predictions at the seasonal scale, typically defined for the range of one month to one year, are useful for planning20

of water resources and the mitigation of natural disasters. These forecasts are potentially very useful for applications in reservoir

management (Anghileri et al., 2016; Wanders and Wood, 2016; Foster et al., 2018; Giuliani et al., 2020). White et al. (2022)
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noted the potential usefulness of sub-seasonal to seasonal forecasts, while discussing also the great challenges in making these

systems understood and actually put into use. Making seasonal forecasts available for users across disciplines is an important

step forward in promoting the products’ use and uptake (Cantone et al., 2023; Crochemore et al., 2024; Pechlivanidis et al.,25

2025).

Hydrological forecasting is challenging at the seasonal scale, but has an advantage over the seasonal meteorological fore-

casts as the initial conditions of the hydrological model have a substantial contribution to the skills in a longer forecast horizon

(Crochemore et al., 2020). For example, the Ensemble Streamflow Prediction method (ESP), one of the traditional approaches

to forecast hydrology, shows advantages over other methods, e.g. streamflow climatology, by considering the initial hydrolog-30

ical conditions (Harrigan et al., 2018; Crochemore et al., 2020; Girons-Lopez et al., 2021). The role of the initial hydrological

conditions depends on the characteristics of the river catchment, e.g. catchment’s physiography, the dominant processes (e.g.

snow or precipitation), human influence, and its response time (Harrigan et al., 2018; Wanders et al., 2019; Pechlivanidis et al.,

2020; Du et al., 2023). Further, added value of dynamical meteorological forecasts over historical assessments (e.g., ESP) has

been demonstrated without clear indications of one method being superior to the other in general Crochemore et al. (2020);35

Musuuza et al. (2023); Girons-Lopez et al. (2025).

The C3S operational service for the water sector, developed by the main contractor at the Swedish Meteorological and

Hydrological Institute, and sub-contractor Wageningen University and Research, was launched in 2022 with a multi-model

hydrological seasonal forecast for Europe. This first version of the service consisted of a data set of re-forecast data set (Berg

et al., 2022b), and monthly updated forecasts (Berg et al., 2022a), with the initial limitation to only monthly mean river40

discharge and the single ECMWF meteorological seasonal forecasting system SEAS5 (Johnson et al., 2019). The hydrological

seasonal forecast data of that service has recently been updated with a new operational system with updated and extended

data sets, which are presented in this paper. Whereas most openly available operational forecasts of this type are using a

single models (e.g.available in the European and Global Flood Awareness Systems (known as EFAS and GloFAS respectively)

(Arnal et al., 2018), the World-Wide HYPE (WWH) service (Arheimer et al., 2020; WWH, 2019)), the new C3S service45

contains multiple hydrological models at the European domain, and uses two sources of meteorological forecasts. The service

therefore generates a unique data set for exploring the use of hydrological seasonal forecasts in a range of water dependent

sectors, such as water allocation, flood management, ecological status, industrial water use and agriculture.

This paper presents features of the historical and re-forecast data from Service (2025b), including evaluation of the meteo-

rological forcing and the individual hydrological models, as well as skill assessment of the hydrological seasonal re-forecasts.50

The paper ends with an outlook of possible future development paths.

2 Data and models

2.1 Observed river discharge data

Timeseries of river discharge from over 3000 stations were downloaded from the Global Runoff Data Centre (GRDC), the

European Water Archive (EWA) and the Baltex Hydrological Data Centre (BHDC) databases, and filtered following a the data55
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Figure 1. Map of the study region, with boxes for calculating the regional statistics, and marked locations (crosses) of the hydrological

validation stations.

quality procedure (Donnelly et al., 2016). The time series were assessed regarding their geographical position and upstream

area to ensure that they fit with the delineations of the E-HYPE model and the EFAS drainage network. Further, the time series

were visually assessed for erroneous data, such as gaps and influence from upstream regulation. A large part of the stations was

used for the calibration of the E-HYPE models, and 332 independent validation stations are retained for the current evaluation,

see Fig. 1.60

2.2 Meteorological forcing

The EFAS-Meteo data set (Ntegeka et al., 2013) was used as observational meteorological forcing for model calibration and

forecast initialization. The version used is from May 2019, and recent releases are shared by JRC (Joint Research Centre) under

the name EMO-5 (Thiemig et al., 2022). The dataset covers most of Europe, with a spatial resolution of 5 km a daily temporal

resolution, while the temporal coverage is from 1990 until present. The ERA5 reanalysis (Hersbach et al., 2020) is providing65

the additional meteorological variables required by the VIC-WUR model, i.e. surface solar radiation, surface thermal radiation,

surface wind components, surface pressure and dewpoint temperature.

The meteorological seasonal forecasts are taken from two different systems available from CDS (C3S, 2018): the ECMWF-

s51 (also known as SEAS5 (Johnson et al., 2019)), and CMCC-s35 (also known as CMCC-SPS3.5 (Gualdi et al., 2020)).

Both systems operate on the strategy of initializations at the first of the month, with 25 and 40 members in the re-forecast70

period for ECMWF-s51 and CMCC-s35, respectively. Both systems provide 51 members for the forecast period. The original
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atmospheric resolution is originally of about 80 km for ECMWF-s51 and 50 km for CMCC-s35, but in the common format

data set in CDS (C3S, 2018) they both provide remapped data at the 1.0 degree grid (approximately 100 km), which is the basis

for all simulations presented here. While the data set has been in queue for review for publication in the CDS, the CMCCC-s35

data set has been replaced by a newer version (CMCC-s40), which is not included in the operational forecast production as75

described here.

2.2.1 Downscaling and bias adjustment

All forcing data are first bilinearly remapped to the 5 km resolution of the EFAS-Meteo dataset, which is the same as the

drainage network map of the gridded hydrological models. Bias adjustment is performed for the main drivers of the hydro-

logical models, i.e. daily mean precipitation and temperature. The bias adjustment method is a flavor of the empirical quantile80

mapping family, and is based on the core functionality of the MIdAS (MultI-scale bias AdjuStment) method (Berg et al.,

2022c). It is therefore similar to the recently published data set of monthly resolution bias adjusted SEAS5 data by Weber

et al. (2026). The empirical quantile mapping method essentially re-scales the values of the model time series, such that their

cumulative density function resembles that of the reference data. For multi-member seasonal forecasts, it is essential to retain

differences between the individual members. Therefore, the bias adjustment is calibrated on the joint cumulative density func-85

tion of all 25 members of the re-forecast data set in the calibration period 1990–2016. This ensures that the distribution across

all members remains close to the reference data set, but the individual members’ deviations are retained for any given forecast.

The joint cumulative density function of all data and model members is reshaped to an array of dimensions (Ndays∗Nyears,25),

where Ndays = 185 and Nyears = 23, and then averaged over the second dimension.

2.3 Hydrological models90

2.3.1 E-HYPE

The process-based hydrological model HYPE (HYdrological Predictions for the Environment; (Lindström et al., 2010)), which

simulates components of the catchment water cycle and water quality at a daily or hourly time step is employed. The model is

semi-distributed, in which a river basin may be subdivided into multiple subcatchments, which are further subdivided into hy-

drological response units (HRUs) based on soil type and land use classes. It has conceptual routines for most of the major land95

surface and subsurface processes (e.g., snow/ice accumulation and melting, evapotranspiration, surface and macropore flow,

soil moisture, discharge generation, groundwater fluctuation, aquifer recharge/discharge, irrigation, abstractions and routing

through rivers, lakes and reservoirs, solid matter and dissolved nutrient pools) that are controlled by a number of parameters

that are often linked to physiography to account for spatial variability and are estimated through calibration. The model param-

eters can generally be categorized into HRU-based and general parameters. The HRU-based parameters are either soil or land100

use type dependent. Unique parameter values are estimated for each soil or land use type and are applied throughout the model

domain. The general parameters, such as the routing parameters, are subcatchment scale parameters and may be assigned con-

stant values throughout the model domain or estimated separately for different parameter regions. They can also be estimated
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using a regionalization approach as functions of catchment characteristics. A range of physiographic data sources were used

in setting up the model (Donnelly et al., 2016). The meteorological forcing consists of daily mean surface air temperature and105

precipitation.

E-HYPE is here employed in three main setups: the original subcatchment based model, E-HYPEcatch00 (Hundecha et al.,

2016), a multi-model version, whose members were derived through optimum resampling of parameters from their feasible

ranges (Hundecha et al., 2020) with three members - E-HYPEcatch01, E-HYPEcatch06, and E-HYPEcatch09 - and the gridded

model E-HYPEgrid at the 5 km EFAS drainage network. The models have somewhat different calibration stategies, as outlined110

in (Hundecha et al., 2016) for E-HYPEcatch00, and in (Hundecha et al., 2020) for the other catchment based models.

E-HYPEgrid was set up at a 5 km grid resolution over Europe with the same drainage network as in the EFAS system.

The following data were obtained from the Lisflood model applied in EFAS: flow direction, mean elevation, fraction of water

bodies, lake-mask, and stream channel length within each grid cell as well as the total upstream draining area to each grid

cell, which is treated as a subcatchment as in the standard E-HYPEcatch00 model. Hydrological response units are defined115

within each grid cell as a combination of land use and soil type. Further, in order to exploit E-HYPE’s capability of modeling

outflows from lakes, big lakes are treated as subcatchments by their own, with grid cells along their peripheries split into two

parts: a portion of the lake and the part that belongs to the land surface. Once the hydrological processes are computed, the

computed variables are remapped to the original grid cells using the area weighting method. One exception is the treatment

of lake areas since E-HYPE includes a conceptualized lake model with detailed natural and regulation lake processes. To120

accommodate for this, lake areas were added as additional computation grid cell during the E-HYPEgrid setup and calibration

phase using European and global lake and reservoir databases (Hundecha et al., 2016). Large lakes in E-HYPEgrid cover one

or several EFAS grid cells completely, and surrounding grid cells partially, while smaller lakes and elongated reservoirs behind

river dams cover grid cells partially only. Since computation of the outflow from the lake is only performed for the discharge

point of the lake, this point is representing the whole lake and any partial land computation cell is replaced by the lake cell,125

following the reasoning that the water flows through the lake unit. Remaining lake-only grid cells will have NaN in the output

grids. To deliver E-HYPEgrid results on the original EFAS grid, the lake values replace the land values when the lake is only

partial, following the reasoning that the water flows through the lake unit. Model parameters for E-HYPEgrid were derived

from the regional relationships established in the calibration of E-HYPEcatch00, with only minor adjustments to account for

the different drainage network.130

2.3.2 VIC-WUR

The Variable Infiltration Capacity (VIC) model (Liang et al., 1994) is a semi-distributed macroscale hydrological model and

forms the fundamentals of the VIC-WUR model (version 2.0.0) which is an extension of the VIC-5 model, including additional

modules to account for anthropogenic influences (Hamman et al., 2018; Droppers et al., 2020). Model parameters are taken

from the global calibration performed by Nijssen et al. (2001). The infiltration parameter, thickness of the second soil layer135

and soil hydraulic parameters has been calibrated for each climate zone to match the total annual flow volume and shape of the

mean monthly hydrograph. Each parameter is transferred to the global basins based on the respective climate zone.
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Here, the model has been setup in natural flow conditions and water balance mode with three thermal nodes, three soil layers

and no snow bands. Sub-daily time steps of 6 h are used to solve the energy and water balance for each cell individually, i.e.

there is no water or energy exchange between cells. Cell heterogeneity of soil and canopy characteristics (Lawrence and Chase,140

2007) are extracted from a gridded parameter file and used by the model. There is surface runoff whenever precipitation occurs

under saturated top soil conditions, while precipitation under unsaturated conditions infiltrates into the soil layers. The upper

two soil layers interact with the canopy layer and provide water for transpiration, whereas the third and deepest soil layer is

assumed to be outside the root zone and accounts for subsurface runoff (baseflow). VIC-WUR uses an internal routing module

(Lohmann et al., 1996, 1998) to simulate discharge based on the unit hydrographs of both stream inflow and outflow. The145

unit hydrographs are computed from the EFAS flow direction, channel length, mean elevation (slope) and the SCS (US Soil

Conservation Service) dimensionless unit hydrograph using a flow velocity of 1.5 ms−1 and diffusion value of 2000 ms−2.

2.4 Hydrological historical simulation, initialization and seasonal (re)forecasting

The hydrological models were initially forced with the EFAS-Meteo for precipitation and temperature, at daily resolution for

the E-HYPE models, and in the case of VIC-WUR disaggregated to 6 h resolution and additionally with ERA5 outputs for150

solar radiation, thermal radiation, wind speed, surface pressure and humidity. The historical forcing is use to generate: (1) the

historical reference simulation for assessing the historical model performance, and (2) the initial model states on the forecast

issue date (that is the 1st day of each month) for generating the (re-)forecasts.

The (re-)forecasts are based on bias adjusted daily precipitation and temperature of seasonal meteorological forecasts from

ECMWF-s51 and CMCC-s35 as input to the hydrological models, using 25 members from each system for the re-forecast155

simulations, and 51 members for the forecasts. VIC-WUR is in addition forced by solar radiation, thermal radiation, wind

speed, surface pressure and humidity forcing from the forecasting systems. Vapor pressure was calculated by substituting

dewpoint temperature into the Clausius–Clapeyron equation. Both EFAS-Meteo and ERA5 daily data were disaggregated to

6-hour intervals, while ERA5 and the forecast data (extracted at 6 h resolution) were bilinearly remapped to the 5 km model

grid. The mean elevation, 2 m temperature and mean sea level pressure are used to calculate the surface pressure forcing using160

the barometric formula. The daily bias adjusted values for temperature are disaggregated according to the 6-hour values by

adding the difference between the adjusted and original daily mean to each time step and for each day separately. All other

required forcing variables are computed as described previously.

2.5 Technical description of the dataset

The production chain is set up such that the input and output calculations are performed in a harmonized way for all hydro-165

logical ensemble members, both for the pre- and post-processing steps. Each hydrological model is contained inside a block

where each model provider provides scripts for reading the common NetCDF input files, performing model simulations, and

finally producing output data files in a common format for post-processing in the common work chain.

The data set is organized in three main parts: historical, re-forecast, and forecast. All three parts are accessed through the

same CDS data page (Service, 2025b), and contain the following main data:170
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– Historical hydrological simulations for the period December 1992 until present.

– Six-month long hydrological re-forecasts for the two meteorological systems, including bias adjusted meteorological

data, monthly initialized for the period January 1993 to December 2016.

– Six-month long hydrological forecasts for the two meteorological systems, including bias adjusted meteorological data,

monthly initialized for the period January 2017 (ECMWF-s51) or October 2022 (CMCC-s35) until present.175

– Skill scores calculated for the re-forecasts at a monthly time step and for each hydrological model combined with each

meteorological forcing data.

Each of the hydrological models produce outputs for the variables river discharge, runoff water equivalent, soil wetness

index, and snow water equivalent. The bias adjusted and downscaled precipitation and temperature forcing data are available

for the forecast and re-forecast data sets. The time stamps in the NetCDF files of the (re)forecasts are organized by three180

metadata information: (i) "time" - the time stamp of the initialization date of the forecast, (ii) "step" - the number of hours into

the forecast, and (iii) "valid_time" - the actual time of the step into the forecast. The coordinates of the gridded models are

available in the metadata of each files as longitude and latitude variables. For the catchment delineated models, the defining

polygons of each catchment are available from Isberg (2017), where the value of the ’id’ variable maps to the ’SUBID’ variable

of the shapefile.185

3 Methods

3.1 Historical hydrological model evaluation

Three standard model efficiency measures are employed: the Nash-Sutcliffe Efficiency (NSE; Nash and Sutcliffe, 1970), the

Kling-Gupta Efficiency (KGE; Gupta et al., 2009), and the percentage model bias (Pbias). In addition, the model performance is

assessed using hydrological signatures focusing on the model’s capability to reproduce extremes of daily flow. This is assessed190

by evaluating how well the model captures the 5th and 95th percentile of the long-term daily flow. For reference, NSE=0 is

equivalent to using the mean flow as a predictor, while a value of KGE=-0.41 has a similar interpretation (Knoben et al., 2019).

These limits are specifically marked in the maps of the result section.

Because the calibration strategies vary between the hydrological models, we identify a common set of validation stations

that are independent from the different calibrations. The VIC-WUR model was globally calibrated and has no dependency195

on the current river discharge data. However, the various E-HYPE models have used somewhat different sets of calibration

stations, leaving in total a set of 323 independent validation stations across Europe. These validation stations are used for the

main model assessment presented here, using data from the time period 1991–2016.
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3.2 Forecast performance and skill assessment

The hydrological seasonal re-forecasts are evaluated with respect to their performance against the historical simulation (also200

known as “pseudo-observations” or perfect forecast) per initialization month and lead month (Pechlivanidis et al., 2020).

Evaluation against the pseudo-observations allows analysis of the forecasting skill over all modelled locations and does not

require historical observed river discharge records. Nevertheless, such an evaluation eventually leads to a theoretical, and not

to the actual, accuracy, which is subject to the model’s capability of representing reality. An evaluation in the modelled reality

is independent from the hydrological model’s imperfection. The evaluation of the re-forecasts is performed on monthly means,205

by calendar definition, for the 1993–2016 period. For the forecast evaluation, a set of 25 members are used for each system

ECMWF-s51 and CMCC-s35 (for CMCC-s35, the members 0–24 are used), and calculations are carried out for each variable,

initialization month and all six lead months for the period 1993–2016. The same forecast performance and skill scores are

calculated for both the hydrological and the meteorological variables.

Performance, which measures how closely the forecast aligns with the reference simulation, was evaluated using four met-210

rics: the fair Continuous Rank Probability Score (CRPS), the tercile fair Ranked Probability Score (tercile RPS), and the fair

Brier Score for lower and upper terciles (BSbn and BSan respectively). By using four different metrics, the aim is to assess the

models’ predictability with regard to overall performance, anomalies to the terciles, and low and high extremes. The forecast

skill assessment is performed by comparing the performances between the two systems (ECMWF-s51-based and CMCC-

s35-based forecasts) to the benchmark (climatology), using the the four scores above with their corresponding skill metrics:215

CRPSS, RPSS, BSSbn and BSSan. All skill scores range between −∞ and 1, with 1 being the optimum. All metrics are cal-

culated using two R-packages: easyVerification MeteoSwiss (2023), and SpecsVerification Siegert (2020). The functions used

are: FairRpss, FairCrpss, and FairBrierSs(ens, ens.ref, obs, tau = NA). Resulting scores are written to netcdf files and provided

in the re-forecast data entry (Service, 2025b).

4 Results220

4.1 Evaluation of the bias adjustment of meteorological forecasts

Bias adjustment is applied to precipitation and temperature forecasts for each of the meteorological data sets. The bias differ

between the two datasets (not shown), but the bias adjustment performs similarly in both cases. We exemplify the performance

assessment of the bias adjustment method with some samples of the evaluation of the ECMWF-s51 re-forecasts. The adjustment

step consists also of a statistical downscaling from the model grid of 1 degree to the EFAS-Meteo grid of 5 km. For temperature,225

this is implicitly adjusting for differences in elevation between the model and the reference data as a constant "lapse rate"

offset. Figure 2 and Fig. 3 show the performance of the bias adjustment method for the ensemble forecast for precipitation

and temperature, respectively, and for different regions of Europe as presented in Fig. 1. Precipitation (Fig. 2) is generally

underestimated for the extreme statistics, especially during the summer months in several of the regions, such as IP, FR, ME,

AL , MD and EA. The mean statistic is both over- and underestimated for different regions and time of the year. After bias230
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Figure 2. Regionally averaged climatological precipitation statistics of the original and the bias adjusted ECMWF-s51 seasonal forecasts,

initialized in January and July. The presented statistics are the mean, the 95th, and the 99th percentile, in order from bottom to the top of

each panel. The model data is presented as the ensemble median (line), the envelope between the 25th and 75th percentiles (dark shading)

and the envelope of the min and max values (light shading). A rolling mean of 12 d has been applied to the EFAS-Meteo reference data (only

one possible realisation), and 6 d to the multi-member model data. A white section separates the two forecasts.

adjustment, the mean and P95 statistics are generally in good agreement with observations, and the ensemble range is well

retained. The more extreme P99 statistic is improved after bias adjustment, but still somewhat underestimated in most regions.

A consequence of the application of the bias adjustment at the monthly calendar scale can be seen clearly for the mediterranean

region, where there is a sharp transition from September to October. This causes a somewhat unphysical step as the re-forecasts

go from underestimation of the precipitation intensity to almost no bias from October for the mean climate.235

Temperature bias (Fig. 3) is sometimes quite large, especially for the 1st percentile with bias of several degrees Celsius for

many regions in summer. However, these deviations are partly due to a general offset in regions of strong orography, and is to

a large degree due to lapse rate related offsets between the model and observational data sets. The bias adjustment is correcting
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Figure 3. Same as Fig. 2, but for temperature and the statistics 1st percentile, mean, and 99th percentile, from bottom to top of each panel.

for such offsets along with other model bias, and the adjusted data agrees well with observations. The range of the ensemble

members is retained well also for temperature after bias adjustment.240

We next examine how the skill of the meteorological data is affected by the bias adjustment (Fig. 4). To exemplify this, we

present CRPSS for monthly mean temperature and precipitation forecasts, and its difference without and with bias adjustment.

Overall, we observe that the skill of the original data deteriorates rather fast with time, and there is essentially no skill after the

first lead month (not shown). The bias adjusted forecasts have the same skill reduction as a function of lead time, but have higher

skill scores than the original data, concluding that the bias adjustment has a positive impact on the skill of the meteorological245

forecasts. In particular, the differences are significant in the Mediterranean and overall southern Europe, including also Norway

and Iceland. These are important observations highlighting the need of bias adjustment of the seasonal meteorological forecasts

prior to be used in impact (i.e. water resources) analyses.
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Figure 4. CRPSS values for the first lead month of the January ECMWF-s51 forecasts for precipitation (a–c) and temperature (d–f). The left

panels (a, d) show the skill in the original meteorological forecasts, the middle panels (b, e) show the forecast skill after bias adjustment, and

the right panels (c, f) show thir difference in skill (original minus bias adjusted forecats).

4.2 Historical hydrological performance assessment

The hydrological models are validated for river discharge on independent validation stations in the historical simulations250

between 1991 and 2016. Figure 5 provides and overview of the scores across all validation stations of each hydrological

model. All models show fairly good validation scores of KGE and NSE, with median values around 0.5. E-HYPEcath00 and

E-HYPEgrid, which share the same basic regionally calibrated parameters, perform the best, while the other E-HYPEcatch

models have slightly lower KGE and NSE scores. The VIC-WUR has yet a bit lower performance for KGE, but more notably,

it has lower NSE values, especially encompassing negative values within the 50% central range of the stations. The percentage255

bias is better centred around zero for the models E-HYPEcatch01, E-HYPEcatch06, and E-HYPEcatch09, which were cali-

brated more directly with the EFAS-Meteo data set. The E-HYPEcatch00, and thereby E-HYPEgrid, have only been slightly

adjusted from an earlier calibration using the HydroGFD data set (Berg et al., 2021), which explains some of the larger bias.

VIC-WUR is again standing out with a large bias, which probably relates to the very different calibration strategy.

Figures 6, 7, and 8 show results for each validation station. There are clear patterns among all models regarding the stations260

with a low performance, i.e. below zero for NSE and below -0.41 for KGE. There are strong similarities in the performance

for all E-HYPE models, with some clustering of performance for the E-HYPEcatch00 and E-HYPEgrid, versus the other E-

HYPEcatch models. The stations in eastern Europe tend to have lower scores for all models, else there is no clear geographical

patterns for the performance in KGE and NSE. In contrast, Pbias (Fig. 8) show clear patterns of underestimation in the Nordic
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Figure 5. Historical hydrological model performance assessment for river discharge in terms of NSE, KGE and Pbias across all 352 stations

presented in box-whisker plots.

countries and the British Isles, while there is overestimation in central Europe for all models. The E-HYPEcatch01,06,09265

models show lower bias, mainly in central Europe, affecting the overall score in Fig. 5.

The low flows, here represented in Fig. 9 by the 5th percentile of the daily mean river discharge over the evaluation period,

is well aligned with observations for VIC-WUR, E-HYPE00 and E-HYPEgrid. The E-HYPEcatch01,06,09 models are rather

consistently underestimating the low flows, and have some larger outliers compared to the other models.

The high flows, here represented in Fig. 10 by the 95th percentile of the daily mean river discharge over the evaluation period,270

are well represented only by VIC-WUR. Among the E-HYPE models, only E-HYPEgrid manages to simulate the higher flows,

and all the catchment-based models are rather strongly underestimating high flows. It is possible that the underestimation by
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Figure 6. Historical performance assessment for river discharge in terms of NSE for the single hydrological models. Results are presented

for the 352 stations that are independent of the calibration stations.

the catchment delineated models (operating at 215 km2 on average) is due to the process in which several 5 km grid boxes

of the forcing data are averaged to produce the model forcing for a given catchment. This will inherently reduce the highest

precipitation intensities, which has an influence of also reducing the peak discharges.275

Although there are no reliable observational reference, we present also a comparison between the different models’ simula-

tion of soil wetness index and snow water equivalent, as this is useful for explaining some of the skill scores of the seasonal

forecasts presented in Section 4.3. Because the performance is similar between all E-HYPE models, we present only results

from E-HYPEgrid, which shares the same map projection as VIC-WUR.

Figure 11 presents the seasonal mean soil wetness index for the two gridded models. There are clear differences between the280

models, with VIC-WUR being much wetter in central Europe and the Mediterranean, with mean values above 0.6 and rather

smooth spatial gradients. E-HYPEgrid has a pattern of soil wetness index more closely related to the orography, and clearly
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Figure 7. Historical performance assessment for river discharge in terms of KGE for the single hydrological models. Results are presented

for the 352 stations that are independent of the calibration stations.

drier conditions below 0.5 for the Iberian Peninsula for most of the year, in autumn extending with values below 0.5 to central

and southern Europe. The Nordic countries are wetter in E-HYPEgrid compared to VIC-WUR.

The simulated snow water equivalent is presented for the period March to June, when the peak snow amounts typically285

occur, before the onset of the metling period, in Fig. 12. The VIC-WUR models show greater snow depths in Scandinavia

and north-east Europe in March and April, at over twice the amounts observed e.g. in Sweden (Wern, 2015), although the

timing of the snowmelt is similar for that region. E-HYPEgrid is also somewhat overestimating the snow amounts compared to

observations in Wern (2015). It seems that the VIC-WUR model melts snow at a faster rate than the E-HYPEgrid model. This

can for example be seen in the east of the domain and the Carpathians in April and May, where the snow amounts disappear one290

or two months earlier in VIC-WUR compared to E-HYPEgrid. The two models also differ regarding the peak snow amounts

in the Alps, where VIC-WUR peaks in March, while E-HYPEgrid peaks in April. Note that the coarse monthly resolution of
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Figure 8. Historical performance assessment for river discharge in terms of Pbias for the single hydrological models. Results are presented

for the 352 stations that are independent of the calibration stations.

the maps prevents a more detailed assessment, and more information can be assessed in a temporally finer resolution analysis

using the daily outputs. The snow models differ between VIC-WUR and E-HYPE, which can of course explain the differences.

However, differences may also arise from how the models are forced with meteorological data, with E-HYPE forced with daily295

mean temperature and precipitation, and VIC-WUR with 6 h values and disaggregated daily radiation fields.

4.3 Skill evaluation

Seasonal forecast skills are calculated based on the monthly mean of each hydrological variable, and evaluated as a function

of initialization month and lead time. The same analysis is carried out for each hydrological model, with each meteorological

forecast system. Moreover, the hydro-meteorological variables are assessed separately using the four skill scores presented in300

Sect. 3.2. This leads to a large set of skill values, which are all available as NetcCDF files in the re-forecast dataset (Service,
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Figure 9. Scatter plots of modelled versus observations of the 5th percentile of the daily mean river discharge (low flows) at each station.

2025b). Here, a selection of the forecast skill assessments is presented to provide an overview of the results. We present line

plots for the whole domain to summarize the results (see Fig. 13 and Fig. 16), which are calculated by taking the median skill

for all catchments or grid points. Note that the geographical balance between regular grid points and the irregular catchment

delineations can lead to some systematic deviations in the median statistics between the model setups.305

First, it is noted that the four different skill scores give a similar pattern of the skill and its deterioration with lead time,

although the absolute magnitude can differ to some extent (not shown). The different skill scores represent certain aspects of

the forecast attributes, here only CRPSS is presented focusing on the overall forecast performance. Further, the skills for the

two meteorological forecast systems are very similar, although the ECMWF-s51 forecasts tend to have slightly higher median

skill scores as an average of the entire domain.310

Figure 13 shows the median CRPSS for river discharge for each initialization month and lead month. The E-HYPEcatch

models perform similarly, with only slight variations in the scores among different models. E-HYPEgrid performs closely to

the other E-HYPEcatch models, which is expected as it is based on the calibration of E-HYPEcatch00. Note also that the median
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Figure 10. Scatter plots of modelled versus observations of the 95th percentile of the daily mean river discharge (high flows) at each station.

skill may not be fully compatible between the gridded and catchment based models due to the varying size of the catchments.

VIC-WUR stands out compared to the E-HYPE models, with generally higher initial skills for river discharge for the winter315

half-year (October to March), and comparable or slightly lower values during the summer half-year (April to September).

However, the E-HYPE models show greater persistency in the skill than VIC-WUR in the long lead months indicating that

the former models can represent processes of longer memory (hence achieving a slower river response) (Crochemore et al.,

2020; Hurkmans et al., 2023). Figure 14 shows the spatial distribution of river discharge forecast skill from E-HYPEgrid and

VIC-WUR initialized in January for the first two lead months. For continental Europe, the skills are similar, albeit generally320

slightly higher for VIC-WUR than for E-HYPEgrid. However, the main feature of these maps is the near perfect skill for

VIC-WUR in large parts of Scandinavia and the Alps in the first two lead months (Fig. 14b and d). The forecasts initialized

in July, presented in Fig. 15, show that the pattern of high skill observed for January’s initialization does not remain, pointing

toward snow processes with frozen conditions during winter in the VIC-WUR model; see also the deciations in snow patterns
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Figure 11. Seasonal climatology (1993–2016) of soil wetness index for the E-HYPEgrid and VIC-WUR models. Note that the catchment

based models have similar climatology to that of the E-HYPEgrid model.

Figure 12. Monthly climatology (1993–2016) of snow water equivalent for the E-HYPEgrid and VIC-WUR models during the main Euro-

pean peak snow period from March to June, leading up to the melting period. The catchment based models have similar climatology to that

of the E-HYPEgrid model. Climatology is calculated as the mean of the last month of each season, i.e. the accumulated snowpack.

presented in Fig. 12. Further, runoff shows very similar skill scores as the river discharge, and therefore the results are not325

shown here.

The skill scores for soil wetness index, shown in the left half of Fig. 16 is again largely consistent across the different E-

HYPE models. Again, VIC-WUR stands out with higher skills than the E-HYPE models in the winter months, however lower

skills are observed in spring and early summer. Note that for VIC-WUR, the median skill even turns negative in the long lead

months for model initializations from December to July.330
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Figure 13. Median CRPSS values for river discharge based on all catchment or grid points in the domain. The hydrological models are forced

with the bias adjusted CMCC-s35 forecasts. The initialization month is marked with a dot, while subsequent months with a line.

Figure 14. CRPSS values for river discharge for the first two lead months. E-HYPEgrid and VIC-WUR are forced with the bias adjusted

CMCC-s25 forecasts initialized in January.

When considering the skill scores for snow water equivalent, shown in the right half of Fig. 16, the issue with snow in

VIC-WUR becomes more apparent, with very low - mostly zero - skills. The different E-HYPE models have similar skill also

for this variable.

19

https://doi.org/10.5194/essd-2026-604
Preprint. Discussion started: 21 August 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 15. CRPSS values for river discharge for the first two lead months. E-HYPEgrid and VIC-WUR are forced wiht the bias adjusted

CMCC-s25 forecasts initialized in July.

Figure 16. Median CRPSS values for soil wetness index (left) and snow water equivalent (right) based on all catchment or grid points in

the domain. The hydrological models are forced with the bias adjusted CMCC-s35 forecasts. The initialization month is marked with a dot,

while subsequent months with a line.

5 Discussion

The availability of seasonal re-forecasts has been important for providing adequate data for both understanding the prediction335

system’s performance but also for the forecast bias adjustment, which as it has been shown here, is a central process prior to

forcing them in impact models. However, given that every seasonal prediction system comes with its set of process hypothesis
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and spatial resolution, and hence inherited biases, any change in the system causes downstream effects, including the need for

a new bias adjustment. For the currently presented hydrological seasonal forecasts, introducing a new meteorological forecast

system means that the bias adjustment parameters, all hydrological re-forecasts and resulting climatology, and skill calculations340

need to be performed all over again. This is a substantial effort, which also produces large data amounts; the current presented

data set amounts to over 50 TB in total. Therefore, a hydrological operational system is vulnerable to frequent updates to

the forcing data, and time delays for updating the production. In a new contract with C3S (C3S2_411_lot1), a larger set

of meteorological systems are planned to include redundancy for discontinued systems, as well as a more streamlined and

automated bias adjustment calibration procedure to update the operational system - to make a more robust and dependable345

multi-model forecast service. The contract runs until 2028, when updated forecast systems for both Europe and global domains

will be operational.

The significant impact of initial conditions of the hydrological models puts extra emphasis in getting a consistent and high

quality initial hydrological state. This is currently performed by a continuous simulation with observational meteorological

inputs through the EFAS-Meteo data set. This gridded product is, however, sensitive to the station inputs that vary with time.350

Therefore, the initial state may differ in quality for different time periods. We believe that the service could greatly benefit

from improved and more consistent initialization data, using e.g. regional reanalysis such as CERRA (Copernicus European

Regional ReAnalysis; Schimanke et al., 2021) together with station observations and other Earth observation products. There

is also potential in the assimilation of hydrological variables for hydrological seasonal forecasting applications (Musuuza et al.,

2023).355

While advancements in modelling and data processing have undoubtedly enhanced the quality of hydrological seasonal

forecasts, it is equally crucial to emphasize the importance of making these forecasts accessible and useful to users. Simply

improving the accuracy and quality of existing datasets in not sufficient; the true value of seasonal forecasts lies in their

utility for informed decision-making and planning processes. Therefore, efforts should be directed towards ensuring that the

provided information is not only accurate but also presented in a format that is understandable and actionable for stakeholders.360

This includes considerations such as user-friendly interfaces, clear communication of uncertainties, and tailored products that

address user specific needs. By prioritizing the usability of data, its impact can be maximized in helping societies better prepare

and adapt to changes.

6 Conclusions

A new data set for multi-model hydrological seasonal forecasts is presented based on an ensemble of meteorological seasonal365

forecast systems and hydrological models. In particular, an ensemble of six hydrological models is used (E-HYPEcatch00,

E-HYPEcatch01, E-HYPEcatch06, and E-HYPEcatch09 at catchment resolution and E-HYPEgrid and VIC-WUR at 5 km

grid resolution), each with forecasts for two meteorological prediction systems (ECMWF-s51 and CMCC-s35), for which the

bias adjusted precipitation and temperature are included in the dataset. The data set is disseminated as three main components:
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(i) historical simulations from 1993 to present, (ii) seasonal re-forecasts for the period 1993–2016, and (iii) seasonal forecasts370

from 2016 (ECMWF-s51) and 2022 (CMCC-s35) until present.

This paper describes the performance of the historical hydrological simulations, the bias adjustment of the meteorological

forecasts, and the skill of the hydrological seasonal forecasts for river discharge, runoff, soil wetness index, and snow water

equivalent.

The main conclusions are:375

– The historical hydrological performance, assessed using the NSE, KGE, and percentage bias metrics, and the high and

low river discharge signatures, shows generally good performance of the continental scale hydrological models, with a

spread of results across the ensemble depending on the studied performance metric.

– The bias of the meteorological seasonal forecasts is efficiently reduced, while retaining the ensemble spread. The skill

of the meteorological seasonal forecasts improves after the bias adjustment.380

– The skill of the hydrological seasonal forecasts is similar for the hydrological models of the ensemble for most vari-

ables and skill scores. The main exceptions are for soil wetness index and snow water equivalent, for which there is a

discrepancy between the VIC-WUR model and the different E-HYPE models.

7 Data availability

The data set is available from the Copernicus Climate Change Service’s Climate Data Store, see Service (2025b), under the385

following doi:10.24381/84dbf36e . Operational forecasts with the same model setups (not presented here) are available from

Service (2025a).
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