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Estimating Regionalized Hydrological Impacts of Climate Change Over Europe by Performance-Based Weighting of CORDEX Projections
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Ensemble projections of future changes in discharge over Europe show large variation. Several methods for performance-based weighting exist that have the potential to increase the robustness of the change signal. Here we use future projections of an ensemble of three hydrological models forced with climate datasets from the Coordinated Downscaling Experiment - European Domain (EURO-CORDEX). The experiment is set-up for nine river basins spread over Europe that hold different climate and catchment characteristics. We evaluate the ensemble consistency and apply two weighting approaches; the Climate model Weighting by Independence and Performance (ClimWIP) that focuses on meteorological variables and the Reliability Ensemble Averaging (REA) in our study applied to discharge statistics per basin. For basins with a strong climate signal, in Southern and Northern Europe, the consistency in the set of projections is large. For rivers in Central Europe the differences between models become more pronounced. Both weighting approaches assign high weights to single General Circulation Models (GCMs). The ClimWIP method results in ensemble mean weighted changes that differ only slightly from the non-weighted mean. The REA method influences the weighted mean more, but the weights highly vary from basin to basin. We see that high weights obtained through past good performance can provide deviating projections for the future. It is not apparent that the GCM signal dominates the overall change signal, i.e., there is no strong intra GCM consistency. However, both weighting methods favored projections from the same GCM.
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INTRODUCTION

Throughout Europe the hydrological cycle is changing as a result of anthropogenic induced global warming (Kreibich et al., 2014; Alfieri et al., 2015; Gudmundsson et al., 2017). Changes in extreme weather are expected to significantly influence flood risk and water availability (Kundzewicz et al., 2017). Numerous impact assessments have been conducted at European and river basin scale (Alfieri et al., 2015; Forzieri et al., 2016; Thober et al., 2018; Blöschl et al., 2019). For individual rivers, changes in flood hazard provided by different studies have not always been in agreement (Kundzewicz et al., 2017). In general, the simulated direction and magnitude of changes in the hydrological cycle depends on the geographic positioning, catchment characteristics and river networks (Acreman and Sinclair, 1986; Beven et al., 1988) as well as the local anticipated meteorological changes. The larger the natural climate variability, the harder it will be for the models to capture the natural hydrological processes. Past studies showed that climate impacts are expected to differ for Southern and Northern Europe (Dankers and Feyen, 2008; Stahl et al., 2010; Gudmundsson et al., 2017; Blöschl et al., 2019). This will very likely lead to increased seasonal water constraints in Southern Europe and abundant water availability in the North (e.g., Greve et al., 2018). However, a large area in Europe is in a transition zone between a wetter northern and a drier southern future climate where climate models often disagree on the sign of change (Giorgi and Coppola, 2007).

For climate impact assessments at the river basin scale, ideally Regional Climate Models (RCMs) are used. To this end the EURO-CORDEX initiative developed an ensemble of RCM simulations at a horizontal resolution of ~11 km (0.11°). These high-resolution RCMs can provide more regional details on future change and give a better representation of daily high intensity rainfall (Jacob et al., 2014) than General Circulation Models (GCMs). Apart from the hydrological model, its parametrization and the uncertainties in the RCM, the forcing GCM creates an additional uncertainty to the modeling effort for complex natural systems (Melsen et al., 2018). To minimalize this uncertainty, the availability of a large ensemble of RCMs forced by different GCMs allows for an improved estimation of the spread and inherent uncertainties of future climate projections (Clark et al., 2016). Yet, within the ensemble the driving GCMs are not necessarily independent from each other and might share several components affecting the proximity of their results (Boé, 2018). Pennell and Reichler (2011) indicated that this can lead to overconfident climate projections. Moreover, not all GCMs are equally skillful in projecting the climate of a certain region or the historical temperature response to greenhouse gas emissions (e.g., Eyring et al., 2019).

Different methods such as weighting models from GCM ensembles by their performance and independence have been developed to account for these factors, to reduce the uncertainty introduced by the GCMs, and to provide more confident projections of future climate (e.g., Knutti et al., 2017; Brunner et al., 2020). Recently, Brunner et al. (2019) applied the Climate model Weighting by Independence and Performance (ClimWIP) method to temperature and precipitation projections in several European sub-regions. ClimWIP is based on earlier work by Sanderson et al. (2015a,b), Knutti et al. (2017), and Lorenz et al. (2018). The method is freely available as part of ESMValTool (docs.esmvaltool.org). Focusing on regional meteorological indices, these studies showed that GCM weighting reduces the spread between projections and can increase the skill of projected changes.

An alternative for weighting is sub-selecting climate models from the full ensemble set based on characteristics like similarity and performance. Sub-selecting aims at the reduction of computational costs running the full modeling chain only for a smaller informative set of climate models (Kiesel et al., 2019). Kiesel et al. (2020) compared a variety of weighting and selection methods that amongst others consider (1) model performance for the historic period, (2) the representation of ensemble model diversity which could help to level out representation errors in singe models and (3) representation of trends which are an indication of the direction and rate of change. They already stated that changes in precipitation and temperature impact streamflow through complex non-linear hydrological processes such as soil infiltration, evapotranspiration and runoff generation. Therefore, in this study, next to the weighting method of Brunner et al. (2019), we also derive weighted hydrological responses based on hydrological model performance and similarity in projected change for specific discharge characteristics (Giorgi and Mearns, 2002; Sperna Weiland et al., 2012).

To consistently assess the variation in discharge change patterns we focus on 9 river basins spread over Europe that are together considered to represent European catchment characteristics and climate conditions well. To allow for a spatially uniform assessment and to estimate the uncertainty introduced by the hydrological model. We have used the same three hydrological models for each of the basin considered. It was decided to base this study on available simulations. The different hydrological model experiment setups are not fully consistent, but all represent contemporary approaches to project hydrological change from climate change signals.

The three models are the calibrated hydrological models LISFLOOD (Van Der Knijff et al., 2010) and CWatM (Burek et al., 2020) which can both simulate at a variable grid-scale resolution dependent on the area of interest. With this variable resolution the models can provide an improved representation of small scale processes that cannot be captured with the original coarse model grids. The third model is the distributed hydrological model wflow_sbm which parameterization is based on global datasets of physical catchment characteristics. The model is implemented at basin scale and (sub-)kilometer resolution (Imhoff et al., 2020; Eilander et al., 2021). Only for the simulations with LISFLOOD a bias-correction of the CORDEX data was applied. As mentioned before several studies already exist that focus on future hydrological changes on a continental or global scale based on a set of hydrological and climate models (Haddeland et al., 2011; Pokhrel et al., 2021). The additional step taken in this study is the weighting approach which is, due to its ability to reduce uncertainties, extremely relevant for water management and plan making based upon these projections.



DATA AND METHODS


Catchments

This study explores the impact of the projected climate change on river discharge characteristics of nine catchments spread over Europe. These nine catchments were chosen based on their size, climate conditions and geographical position (Figure 1). The catchment characteristics are shown in Table 1.


[image: Figure 1]
FIGURE 1. Geographical position of the catchments in Europe. Numbers indicate the river basins; the Ångermanälven (1), Ebro (2), Glomma (3), Moselle (4), Oder (5), Sava (6), Severn (7), Suir (8), and Tanaro (9). Dots indicate the gauge locations used in this study.



Table 1. Characteristics of studied catchments.
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Models


wflow_sbm

The distributed hydrological model wflow_sbm is a conceptual bucket model with a kinematic wave routing approach for lateral subsurface, overland and river flow processes that is similar to TOPKAPI (Todini and Ciarapica, 2002). The model has a simplified physical basis with parameters that represent physical characteristics, leading to a relatively easy linkage of the parameter values to actual physical properties (Imhoff et al., 2020). The model parameters are estimated a priori using transfer functions (Imhoff et al., 2020) and available global or local datasets. Using these transfer functions and upscaling rules, wflow_sbm can be set up at various model resolutions (here 0.00833 degree, ~1 km) for any catchment. The model has a spatially distributed gridded cell network with the presence of lateral subsurface flow based on a D8-network flow routing network. The soil is divided in saturated and unsaturated store(s) and can be divided in any number of layers (here 3). Vertical transfer of water is controlled by saturated hydraulic conductivity, the effective saturation degree of the layer and the Brooks-Corey power coefficient (based on pore size distribution). Lateral subsurface flow, overland and river flow between grid cells is routed using the kinematic equation. Water can be lost through evapotranspiration and interception based on the Gash (1979) or Rutter et al. (1971) model depending on the timestep (here day). wflow_sbm has a sub-module to simulate glacier buildup and melting processes. The model includes lakes and reservoirs, simple reservoir regulation (e.g., H-Q tables) can be included. A priori values for reservoir demand, targets for full and minimum reservoir fractions are derived from available dataets. For more information, we refer to Imhoff et al. (2020), Eilander et al. (2021). The wflow_sbm source code is available under the MIT license from github (https://github.com/Deltares). The hydromt code to setup the models including a priori parameters is also available under the MIT license from github (https://github.com/Deltares). The model requires daily estimates of precipitation, temperature, radiation, and surface air pressure as inputs to calculate potential evaporation using the De Bruin method (De Bruin, 1983).

Wflow_sbm parameter estimation is based on available spatial datasets providing information on soil properties, soil depth, rooting depth etc. Imhoff et al. (2020) developed a method to parameterize the model for any basin in the world using regionalization methods based on literature (pedo)transfer functions and upscaling techniques. Only for the Horizontal Hydraulic Conductivity Fraction (KsatHorFrac) there is no pedo-transfer function, this is a rather sensitive parameter in the model. In order to calibrate the KsatHorFrac the model was run changing the KsatHorFrac parameter with homogeneous values for the whole catchment ranging from 1 to 500. The model was run with both the E-OBS and ERA5 datasets as meteorological forcing and performance was evaluated for the period 1981–2010 against available daily discharge observations near the basin outlets (see Figure 1, more information will be provided in section Discharge Observations). Following Moriasi et al. (2007) who worked with monthly time-series thresholds (T) for acceptable performance were set. The following performance measure have been considered; Kling-Gupta Efficiency (T = 0.3), Nash-Sutcliffe efficiency (T = 0.3), Root Mean Squared Error standard deviation ratio (T = 1), logarithmic Nash-Sutcliffe efficiency (T = 0.3) and percentage bias (T = 25%). Based on the combination of performance for the two meteorological datasets the optimal KsatHorFrac values were selected. For all basins except the Tanaro and Suir the default value of 100 m day−1 performed best. Due to low model performance the Seine was excluded from the remainder of the analysis.



CWatM

The Community Water Model (CWatM) is a spatially-distributed, rainfall-runoff and channel routing water resources model (Burek et al., 2020). It is process-based and used to quantify water availability, human water withdrawals of different sectors (industry, domestic, agriculture), and the effects of water infrastructure, including reservoirs, groundwater pumping and irrigation canals. It is implemented as an open-source modular structured Python program and is available at Zenodo (Burek et al., 2021) and Github.

CWatM is designed at grid level and here schematized at 5′ resolutions (ca. 8 km, with sub-grid resolution for taking topography and land cover into account). The RCM-forcing has been regridded from 0.11° to 5′ for matching the native resolution of the model. CWatM operates at daily time steps (with sub-daily time stepping for soil and river routing). The model requires daily estimates of precipitation, as well as surface air temperature, wind speed, relative humidity, incoming long- and shortwave radiation, and surface air pressure as inputs to calculate potential evaporation using the Penman-Monteith method. It has been used in natural mode for the purpose of this study, i.e., no water abstraction from rivers, lakes, reservoirs and groundwater stores is included. Land use is fixed representing current conditions. The simulations used here are generated using a calibrated version of CWatM. A set of 12 model parameters representing, e.g., snow melt, soil, and routing characteristics, have been calibrated against 363 discharge time series from the Global Runoff Data Centre (GRDC) within the EURO-Cordex domain.

CWatM calibration is performed using an evolutionary computation framework in Python called DEAP (Distributed Evolutionary Algorithms in Python; Fortin et al., 2012). DEAP implemented the evolutionary algorithm NSGA-II (Deb et al., 2002) which is used to perform a single objective optimization. The DEAP calibration procedure generally uses a population size of 256 and a recombination pool size of 32. The applied objective function is a modified version of the Kling-Gupta Efficiency (KGE, Kling et al., 2012, modified due to the use of the coefficient of variation instead of standard deviation). The KGE can provide an estimate that simultaneously represents optimal correlation, mean bias and variability. Calibration against observed discharge is performed by estimating the KGE against the multi-year daily time series of observed discharge from the individual catchments and maximizing the sum of all KGE from the full range of 363 available discharge time series across Europe. The calibration was performed using CWatM driven by the daily meteorological forcing data set WFDEI (WATCH Forcing Data methodology applied to ERA-Interim data, Weedon et al., 2014) for the period 1980–2010 (corresponding to the availability of discharge data).



LISFLOOD

LISFLOOD is a spatially-distributed physically based hydrological rainfall-runoff model (De Roo et al., 2000; Van Der Knijff et al., 2010; Burek et al., 2013). Processes in the hydrological cycle are reproduced and the generated runoff in each grid-cell is routed through the river network including lake and reservoir routines. In this study, LISFLOOD is used on daily time scale at a regular 5 ×5 km grid. Within each grid-cell, detailed sub-grid land use classes are used, which are the fraction open water, urban sealed area, forest area, paddy rice irrigated area, crop irrigation area and other land uses. Specific hydrological processes (evapotranspiration, infiltration etc.) are then calculated in different ways for these land use classes. In addition, sub-grid elevation data is used for estimating snow accumulation and melting processes.

The future projections of land uses in Europe are derived from the LUISA modeling platform (Jacobs-Crisioni et al., 2017). LUISA projects land-use demands from many socio-economic factors and the interaction with human activities (population, economic activities and many other factors) to capture the interaction between human activities and their determinants to obtain land-use demands. The mechanisms to obtain land-use demands are described in Lavalle et al. (2011), Batista e Silva et al. (2013), Baranzelli et al. (2014), and Jacobs-Crisioni et al. (2017).

Water use consist of five components, which are (manufacturing) industrial, energy, livestock, domestic and irrigation water demand. These water uses are abstracted from surface and/or groundwater resources (depending on the region) when available. The environmental flow, which is assumed as the 10th percentile of the natural flow, is respected. From these five components, irrigation water use is modeled dynamically as it is driven by the climate forcing. Using a Penman-Monteith approach, the model estimates the required amount of transpiration by vegetation or crop. If this amount of water is not available from soil moisture above wilting point level, the missing amount is designated as the irrigation water use.

The other four components are based on country-level data (EUROSTAT, AQUASTAT) and downscaled to the model grid. Future projections of water uses are based on the ECFIN Aging Report projections of population and economy (European Commission, 2014; Havik et al., 2014) integrated in the LUISA platform. Apart from that, projections of the future industrial water use are based on the gross value added available from the GEM-E3 model (Capros et al., 2013). Water use projections for the energy sector are based on the future electricity consumption estimated with the POLES model (Prospective Outlook on Long-term Energy Systems; Keramidas et al., 2017). The LUISA platform is used for the spatial downscaling of both present and future water use trends to ensure consistency between land use, population and water use. The LUISA platform projects maps every years until 2050. Therefore, both the land use and water use projections after 2050 are kept constant.

LISFLOOD is calibrated based on the Evolutionary Algorithm and using the King-Gupta efficiency (KGE; Gupta et al., 2009) as an objective function (Hirpa et al., 2018), which improve the bias and variability ratio, while the correlation is only slightly decreased. The advantages of using the KGE are explained in Gupta et al. (2009). The calibration parameters are related to groundwater processes, channel routing, snow melt, and reservoir/lake simulation. Within the LISFLOOD reference run used for calibration, the model is forced with gridded observed meteorological data from the JRC EFAS-MARS meteogrids (Ntegeka et al., 2013). For Europe, more than 700 stations (Arnal et al., 2019) are used to optimize the calibration parameters. The selected calibration stations have a drainage area larger than 500 km2 and a minimum of 5 years with daily discharge data in the period 1990–2014. Within this period the calibration and validation period is selected based on the availability of observed discharge data. If the record length is longer than 10 years the calibration and validation periods are split into equally periods. Otherwise, the calibration period is 5 years and the remaining years are used for the validation. The calibrated LISFLOOD model is used for 11 EURO-CORDEX climate simulations. A comparison of the annual discharge from the climate simulations with observed discharge from the period 1981–2010 revealed that 6 climate models underestimate the discharge up to 20%, 3 models are relatively close to the observed discharge, and 2 models overestimate discharge by 10–20% (Bisselink et al., 2018), which reflects a reasonable ensemble for modeling future climate scenarios.




Data


EURO-CORDEX Climate Simulations

Daily output from a 23-member ensemble of EURO-CORDEX regional climate simulations (Jacob et al., 2014) covering the period from 1970 to 2060 at 0.11° degrees spatial resolution was used to force the hydrological models. The EURO-CORDEX domain covers most of Europe except for some of the major eastern European river basins. The regional climate models are forced by a set of global climate models from the Coupled Model Inter-comparison Project 5 (CMIP5, see Table 2). The period from 1970 to 2005 thus corresponds to the historical period of the associated CMIP5 data. For the period 2006–2060 we have selected CORDEX model simulations for the Representative Concentration Pathway 8.5 (RCP8p5) that is expected to provide the most expressed change signal. The hydrological simulations were run at the different institutes as part of ongoing projects. The available sets of CORDEX simulations are not entirely the same for the three hydrological models, because they originate from different projects. The three columns on the right indicate for which hydrological model which simulations are available. For the LISFLOOD simulations the CORDEX data sets were bias-corrected (Piani et al., 2010; Dosio and Paruolo, 2011; Dosio et al., 2012) using E-OBS precipitation and temperature (Cornes et al., 2018).


Table 2. Overview of CORDEX simulations available for the three hydrological models, the X indicates that the hydrological model was run with this CORDEX GCM-RCM combination.
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Discharge Observations

Observed discharge time-series are used as historical reference. Most data are sourced from the Global Runoff Data Centre (GRDC), these are supplemented where needed with data from national providers; see Table 3.


Table 3. Data sources and discharge stations of the historical reference data, locations are given in Figure 1.
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Performance-Based Weighting

In search of optimizing the information content of the ensemble of simulations two different weighting methods (Kiesel et al., 2020) are selected to derive the weighted ensemble mean and reduce the ensemble spread. The resulting projections are shown next to the unweighted ensemble means.


Climate Model Weighting by Independence and Performance

The Climate model Weighting by Independence and Performance (ClimWIP) method (Sanderson et al., 2015a,b; Knutti et al., 2017; Lorenz et al., 2018; Brunner et al., 2019) accounts for the historical GCM performance of meteorological variables considered relevant for the correct representation of regional hydrology. In addition, it considers the independence of the individual GCMs, effectively down-weighting models which are identified as closely related to one another (Brunner et al., 2020; Merrifield et al., 2020). As a reference for the model performance the E-OBS dataset was used for the period 1980–2014. The point-to-point difference of the models to the observations determines the generalized model-observation distance Di and informs the performance weighting. The point-to-point difference between each model pair Sij informs the independence weighting. The combined weighting is defined as:

[image: image]

where the shape parameters σD controls the strength of the performance weighting and σS the strength of the interdependence weighting, and M is the number of model runs. Large values of σD lead to an approximation of equal weighting, while small values lead to aggressive weighting which can lead to overconfident results. For σS small values lead to all models being considered independent, while large values correspond to all models being considered dependent. Usually an internal perfect model test is used to estimate the parameters, however, due to the small ensemble this was not possible in this case. Therefore, the shape parameters were set manually with values similar to those used by Brunner et al. (2019) for Europe (σD = σS = 0.6).

The generalized model-observation distance Di can be based on any variable of the GCMs if observations are available. Here six diagnostics are used to inform the weights, as summarized in Table 4 similar to Lorenz et al. (2018). Increasing the number of diagnostics leads to convergence of the performance, while using too few can lead to overconfident estimates. The chosen variables include precipitation (pr), near-surface air temperature (tas) and surface downwelling shortwave radiation (rsds) which are all used as input for the hydrological modeling chain. For the derivation of the indicators the values were averaged over the given season and region given in the Table 4 (IPCC, 2012), which include the entire domain of Europe (EUR) and the Mediterranean (MED). A mask was applied to exclude sea area from the analysis. A schematic representation of the weighting method is given in Figure 2.


Table 4. Information on which the diagnostics used to calculate Di and Sij is based.
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FIGURE 2. Schematic overview of the Climate model Weighting by Independence and Performance (ClimWIP) and Reliability Ensemble Averaging (REA) methods.




Reliability Ensemble Averaging

The second method is the Reliability Ensemble Averaging method (REA; Giorgi and Mearns, 2002) which we also applied in Sperna Weiland et al. (2012). This method considers the model bias (B) for the current climate (RB, i) from model number i and the GCM reliability in terms of the convergence of the GCM specific future discharge change with the weighted ensemble mean future change (RD, i) to calculate the overall GCM reliability factor, [image: image]. In this study the climate data for the LISFLOOD simulations have been bias-corrected. Therefore, the first criterium, model bias for the current climate, cannot be assessed. The REA method is thus only applied to the CWatM and wflow_sbm simulations. The REA method is applied to the annual mean discharge at the discharge gauge stations in Table 3. The normalized reliability factor for mean discharge, [image: image], of the ith GCM-RCM combination is given by:

[image: image]

RB, i is a function of BQ, i, the bias of the ith GCM-RCM derived discharge from the gridded observed discharge, the higher the bias the lower the reliability factor. RD, i is a function of DQ, i, the distance of the discharge change calculated by the ith GCM from the REA ensemble average change. High reliability factors are only obtained when both the bias for the current climate and the distance to ensemble weighted future change are small compared to that of the other models. εQ is a measure of natural variability. To calculate εQ, 20-year moving averages are derived from the observed time-series and the difference between the minimum and maximum calculated moving average is assessed. The maximum length of the time-series used is 40 years to avoid the influence of trends. When the bias (BQ, i) or the distance to the weighted ensemble mean change (DQ, i) is smaller than the natural variability, the model reliability factor for bias or distance is set to 1. The exponents n and m in Equation (2) can be used to assign weights to the different criteria, however assignment of weights is mainly a subjective decision, therefore we set the value of both m and n to 1. The convergence or distance, DQ, i, can be calculated in an iterative process, where in a first step the distance of the individual GCM change, ΔQi, is calculated relative to the non-weighted ensemble mean change. From these distances reliability factors are then derived and a first weighted average change is calculated. In subsequent steps the deviations from the weighted average are used to derive new reliability factors until this process converges. The disadvantage of multiple iterations is that in case of large biases the method may highly favor only one or a few models.



Differences Between the Weighting Methods

The difference between the REA and ClimWIP method can be seen in Figure 2. The REA method focuses on discharges simulated by the hydrological models forced with CORDEX data (historical performance and projected change) whereas ClimWIP focuses on meteorological variables simulated by the GCMs (historical performance only). The end result of the ClimWIP method are the weights per GCM that are uniform for Europe. The end results of the REA method are for each GCM-RCM-hydrological model combination specific and vary between the different basins.





RESULTS


Historical Discharge Regimes

The graphs in Figure 3 display the historical discharge regime for the period 1981–2010 as simulated by the three hydrological models (from left to right: wflow_sbm, CWatM, LISFLOOD) using the CORDEX datasets. As a reference the observed regime was plotted in black. For the wflow_sbm model the simulation of the historical meteorological data (E-OBS) was also added to the graph to get an impression of hydrological model vs. climate data bias. The color coding in all plots refer to the same CORDEX realizations, the ensemble mean is presented with a blue dotted line. The discharge regimes obtained with LISFLOOD show highest resemblance with the observed regime as this model has been calibrated and the CORDEX precipitation and temperature have been bias-corrected. This clearly reduces the spread between the discharges obtained from the different CORDEX datasets. On the other hand, the similarity between the CWatM and wflow_sbm simulations is large for most of the basins. The CORDEX simulations result in comparable discharge ranges.
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FIGURE 3. Historical discharge regimes (m3 s-1) calculated over the period 1981–2010 from the CORDEX simulations (colored lines), the ensemble mean (blue dotted line) with from left to right (wflow_sbm, CWatM and LISFLOOD), observed discharge (black) and reference wflow_sbm run based on EOBS (dashed black). To refer to the CORDEX realizations the same color coding is used in all graphs.


The set of GCM-RCM combinations considered is almost the same for CWatM and wflow_sbm. For LISFLOOD the number of combinations is slightly less (11 vs. 20). This has likely also reduced the ensemble spread.

Overall for many rivers the LISFLOOD simulations resemble the observed (black line). Clear deviations can be found for the Ångermanälven. For many of the basins the wflow_sbm run forced with EOBS data (dashed black line, Figure 3) also resembles the observations and the LISFLOOD simulations. There are differences between the two models for the Glomma and Ångermanälven. This is partly caused by the reservoir representation in the wflow_sbm model, but possibly also influenced by the quality of the EOBS dataset in Northern regions where the gauge density is relatively low. For the Sava discharge simulated with wflow_sbm is continuously at least 500 m3s−1 lower than the observations. The CWatM model has not been explicitly calibrated for any of the nine catchments, instead CWatM was calibrated across the entire European domain based on a set of 363 observed discharge time series to obtain a unified set of model parameters. Most of the observed time series were located in Central Europe, thereby potentially leading to a biased representation of snowmelt processes in Northern Europe and evaporation in southern Europe. The wflow_sbm model has not been calibrated, however reservoirs and lakes have been added to the model based on the GRanD and HydroLakes datasets (Lehner et al., 2011; Messager et al., 2016). Solefteå KRV in the Ångermanälven is just below a hydropower plant which decreases the amplitude of the observed flow. The Glomma river discharge is influenced by several hydropower stations upstream as well. The relative high flow during summer can be a result of the RCM biases. According to Fantini et al. (2018) the EURO-CORDEX ensemble has a wet summer bias over Sweden and Norway. Many human managed reservoirs and dams are also located in the Ebro river. These highly influence the flow at Tortosa downstream in the Ebro basin. The human influences cannot be simulated well by the hydrological models.

The wflow_sbm run forced with E-OBS data resembles the observed flow well for many other basins. Thus, for most rivers the bias in simulated flow, i.e., the large overestimation, is predominantly caused by the bias in the CORDEX datasets and then specifically precipitation. This can be concluded from the difference between the flow simulations based on E-OBS and the flow simulations for the EURO-CORDEX ensemble. We also compared our results with past studies that evaluate EURO-CORDEX precipitation. According to Fantini et al. (2018) the CORDEX ensemble has a wet winter bias over France and a small wet annual mean bias over Northern Spain this possibly results in the overestimations of flow for the Moselle and Ebro. During summer there is a slight dry bias over France. The seasonal flow pattern is replicated well, but there is a large underestimation of the summer low flow probably due to an underestimation of the land-atmosphere interactions (e.g., convective) in summer by the RCMs (De Roo et al., 2016).

There is too little information to draw conclusions, but for the Glomma and Ångermanälven, the wflow_sbm simulations based on E-OBS resemble the LISFLOOD simulations more than the actual observations. This may be a result of the bias, or low presence of precipitation gauges, in the E-OBS data for Northern regions that influences the bias-correction of EURO-CORDEX for LISFLOOD and the quality of the EOBS driven wflow_sbm simulations.

For general performance evaluation of the individual hydrological models we refer to Imhoff et al. (2020) for wflow_sbm, Burek et al. (2020) and Greve et al. (2020) for CWatM and Arnal et al. (2019) for LISFLOOD.



Projected Discharge Changes

Tables 5–7 present the projected changes for the period 2031–2060 for RCP8p5 for three selected discharge statistics; 7-day annual minimum flow (Table 5), annual mean discharge (Table 6) and annual maximum flow (Table 7). All three statistics are averaged over the full period. Change is calculated relative to the period 1981–2010. The numbers 1–18 represent the different CORDEX GCM-RCM combinations listed in Table 2. For LISFLOOD projections are only available for combination 1–8. Changes for 7-day low flow are most pronounced and consistent between the models. Mainly decreases in low flows (see Table 5) are projected for the rivers in Southern Europe; the Tanaro and Ebro. Decreases in summer precipitation and increases in evaporation caused by rising temperatures decrease the low flow. For the Glomma and Ångermanälven in Scandinavia all model combinations project increases of the base flow. Increasing temperatures will lead to earlier snow melt, snow accumulation and melt processes currently highly influences the annual hydrological cycle. More precipitation will fall as rain. In addition, precipitation amounts will increase for Northern Europe leading to higher base flows. For the other rivers the signal is less pronounced. The LISFLOOD projections tend most toward decreases of flows, see for example the Severn and Suir. Although the modeling approach for LISFLOOD (hydrological model calibration and bias-correction of climate data) is different from the modeling approach for CWatM and wflow_sbm, there is no clear difference in projected changes except for the Moselle and Severn where the climate change signal is not very pronounced caused by the large uncertainty and variation in precipitation patterns.


Table 5. Projected change in long-term average 7-day minimum low flow between the periods 1981–2010 and 2031–2060.
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Table 6. Projected change in long-term average annual mean flow between the periods 1981–2010 and 2031–2060.
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Table 7. Projected change in long-term average annual maximum flow between the periods 1981–2010 and 2031–2060.
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This result indicates that the signal from the climate models is stronger than the possible influence of corrections. The changes projected for mean discharge are still relatively consistent between the models, yet smaller than the changes projected for low flows. For the Ångermanälven, Glomma and Oder average flow is projected to increase. For the Ebro and Tanaro decreases in mean discharge are most likely. For the other rivers the change signal is small and less consistent. Some indications of increased flow variability can be found with decrease in low flows and increases in high flows, as for example for the Sava and Suir according to LISFLOOD.

For long-term average maximum flow the change signal is very inconsistent both between the CORDEX simulations and between the hydrological models. Pronounced change signals can be found for an increase in maximum flow for the Ångermanälven with wflow_sbm and a decrease in maximum flow projected by CWatM for the Oder. Within a 30-year period there are often only a few extremes that are dampened by the natural climate variability. The period is too short to make a reliable estimate of in- or decreases of flood extremes.



Projected Changes - Diversity

Kiesel et al. (2020) propose several methods for model weighting and selection among which the “diversity of GCMs,” “diversity of RCMs,” and “diversity of hydrological models.” For example, for “diversity of GCMs,” this implies that from each GCM group the RCM model that best represents historic climate variability is selected. The idea of sub-selecting by choosing only one type of model (GCMs, RCMs or hydrological models) suggests that there would be largest consistency in projections for a single model from a given model type. Either the GCM, RCM or hydrological model would dominate the change signal. To verify this, the full set of changes projected per model are presented in the boxplots in Figure 4 for a selection of rivers (see the Supplementary Material for the remainder of rivers). Each boxplot represents all projections available for the specific hydrological model, RCM or GCM mentioned on the x-axis. Unfortunately, this number is not the same for all RCMs, GCMs and hydrological models and this also influences the width of the boxplots which thus only allow for a qualitative comparison. We selected the Ebro with a pronounced projected decrease of flow, the Ångermanälven with a pronounced increase in flow and the Moselle with a mixed change signal. Plots for the other rivers are given in the Supplementary Material. Focus is on the projected change in 7-day low flow because of the relative high consistency for this statistic.


[image: Figure 4]
FIGURE 4. Boxplots representing the projected changes in 7-day low flow for from left to right, the 3 hydrologic models (green), the 7 GCMs (red), the 6 RCMs (blue) and the full set (cyaan). The spread of the boxplots is influenced by the number of available simulations and this number has therefore been added between brackets to the labels of the x-axis.


For all three rivers the boxplots represent large variation in the projections of a single model, independent of the model type (thus GCM, RCM or hydrological model). Related to the idea that the GCM signal dominates the change projection, we would have expected the red boxplots to be narrow compared to the other boxplots, but this is not the case. The spread of the MPI-MPI-ESM-LR set is relatively small for all three rivers, indicating that this GCM has a larger influence on the change signal than the RCM and hydrological model. The width of the boxplots for the LISFLOOD simulations is less than for the other hydrological models for many of the rivers. The main difference between the hydrological modeling chains is the application of bias-correction by the European Joint Research Center (JRC). This is a possible indication that the bias-correction does influence the change signal slightly. The inter-quantile ranges for CNRM-ALADIN63 and CLMcom-ETH-COSMO-crCLIM-v1-1 are small, yet only two simulations are available for these RCMs. Overall it can be concluded that the variation for a single model, either hydrological, RCM or GCM, is in a range similar to that of a random selection of realizations. Therefore, for this set of CORDEX simulations, we decided that the “diversity” based selection is not the preferred approach, information may be lost. In addition, all hydrological simulations were already available so there was no need to reduce the computation time by clustering.



Projected Changes - Performance Based Weighted Projected Changes

Two methods were applied to assess the influence of performance-based weighting and to derive more robust change signals. The first method, ClimWIP, is based on large scale performance for a set of GCM meteorological variables. This resulted in the weights listed in Table 8 for the driving GCMs. These weights were applied to all hydrological model realizations originating from the given GCM, normalized by dividing through the number of realizations for this GCM. This method includes changes assessed by all three hydrological models.


Table 8. Weights determined by the method of Brunner et al. (2019).
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The second method, REA, was applied to all realizations available for CWatM and wflow_sbm. As mentioned before, LISFLOOD simulations were excluded from this weighting method as the GCM/RCM bias could not be assessed after the bias-correction applied to precipitation and temperature. Figure 5 displays the weights assigned to the different CORDEX-hydrological model combinations for the individual river basins. The sum of all weights for a single river basin equals 1. Both simulations with CWatM and wflow_sbm are assigned high weights, indicating that depending on the river either one model outperforms the other. Worth noticing are the relatively high weights assigned to the CORDEX combinations forced with the GCM ICHEC-EC-EARTH (nr 4 and 5), the GCM that was also assigned a high weight by the ClimWIP method. The REA method also assigns high weights to the CNRM-CERFACS-CNRM-CM5_SMHI-RCA4 CWatM simulation for several basins. Besides this there is a large variation in weights assigned for the different river basins. Often most model combinations receive a weight below 0.1, indicating that the REA weighted change signal is dominated by a few model combinations.


[image: Figure 5]
FIGURE 5. Weights calculated for the individual hydrological model-GCM-RCM combinations for the nine river basins (see legend). The numbers on the x-axis correspond to the GCM-RCM CORDEX datasets listed in Table 2. First all combinations for Wflow are given, second all combiations for CWatM. The sum off all weights for one river including both CWatM and Wflow simulations adds up to 1.


Figure 6 presents the resulting weighted changes in 7-day minimum, mean and annual maximum discharge together with the overall ensemble mean changes and the ensemble mean change from all wflow_sbm and CWatM realizations. The latter was added as a reference for the REA method. For most rivers the changes projected by (1) the full non-weighted ensemble, (2) the ClimWIP weighted ensemble and (3) the reduced ensemble existing of the CWatM and wflow_sbm realizations alone, are of the same order of magnitude. Mean projected changes are of the same order of magnitude and for some rivers the markers representing this change even overlap. The unweighted changes projected by the full ensemble are often slightly higher. For those rivers LISFLOOD provides higher increases. The REA method results in deviating changes. The main cause for this is the large bias for the historical period. All realizations are biased, highest weights are assigned to the least biased historical realizations and by iterating over the ensemble weighted changes the influence of the reliability factor for bias has a stronger influence on the outcome than the reliability factor for distance in future projected change. This is an indication that when these large biases and large variation therein exist, the biases dominate the REA method and the resulting weighted changes are less reliable. For some basins the influence is small, but for the Ångermanälven, Glomma, Sava and Oder the REA weighted change gets close to the uncertainty bands. The change signal for all discharge statistics in these basins obtained with the REA method deviate from the non-weighted ensemble projections and follow the change projected by the favored GCM(s). To reduce the influence of these single GCMs it was decided to iterate only once to assess the weighted change.
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FIGURE 6. Projected future changes in annual mean discharge based on the full set of realizations - Unweighted ALL (blue), the Reliability Ensemble Averaging method – REA (orange), the realizations available for CWatM and LISFLOOD – Unweighted CWAtM, wflow_sbm (green) and ClimWIP (red) for the nine selected river basins. Together with the 5 and 95% uncertainty bounds of the full ensemble (blue dash).


The results of the ClimWIP method are more promising. The difference between the unweighted ensemble change and the change projected with the ClimWIP weighting method do not differ that much. While with the ClimWIP method 2 out of 6 models are assigned only a weight of ~5% and one model clearly dominates the rest (ICHEC-ECEARTH). This is the same GCM that received high weights from the REA method for several basins. This indicates that this model, that performs best compared to the other 5 GCMs when evaluated on large scale climate variables, also provides basin scale discharge projections that are in line with the projections obtained when the full ensemble is considered. This increases the confidence in both sets of projections. Slightly larger differences between the non-weighted change and ClimWIP method are found for the Oder and Ebro.




DISCUSSION

In general, the projected discharge changes in this study are in line with previous studies (Dankers and Feyen, 2008; Blöschl et al., 2019). They indicate increases in flow for rivers in Scandinavia related to precipitation increases. Decreases of (low) flows are likely in Southern Europe and this urges the need for further adaptation to anticipate future severe droughts. For rivers in Central Europe the discharge change signal is more diverse, which is caused by the large natural variability and the absence of a strong climate change signal.

This study is based on a large set of existing hydrological model simulations. Consequently, there is a clear inconsistency in modeling chains; calibrated vs. uncalibrated, bias-correction vs. no bias-correction and the number of CORDEX simulations available differs per hydrological model. The results of this study should therefore be interpreted as indicative and some analyses are only based on part of the realizations. At the same time, these differences provided additional insights.

The hydrological simulations are based on the same CORDEX-RCM forcing, but all originate from different modeling efforts and therefore experimental differences exist. Wflow_sbm has only been calibrated for one parameter. CWatM has been parameterized based on a European wide optimization. For LISFLOOD dedicated basin scale calibration was applied. In addition, for the LISFLOOD runs the CORDEX temperature and precipitation have been bias-corrected. There are pros and cons in applying bias-correction. One of the disadvantages being its influence on the change signal (Themeßl et al., 2012; Cloke et al., 2013). Ideally, the experiment would be repeated using bias-corrected datasets for all the models to evaluate whether (1) this would result in similar projections and (2) to be able to make fully grounded statements on the relevance of the calibration and bias-correction for the climate projections for the different basins. Unfortunately, this is computationally too expensive and thus behind the scope of the current study. Nonetheless, even in the face of these inconsistencies, robust climate change signals emerge in Northern and Southern Europe, pointing toward high confidence in climate change impacts on average and extreme river flows in these regions.

Especially for the rivers with a pronounced change signal, the agreement in changes projected with the different hydrological models is large. Thus, the choice of the hydrological model used is not dominant. In addition, the fact that the LISFLOOD projections are in line with the other projections indicates that the influence of a bias-correction method on the projected change signal is not that strong. Although, overall changes obtained with LISFLOOD tend to be slightly higher. The differences between the models (parameterization, process description, calibration, bias-correction) become more pronounced in areas without a strong climate signal and larger natural climate variability. In future research this study could be extended. The set of hydrological simulations and models to be included should be set up-front. This will allow for fully transparent comparisons and evaluation of techniques.

For the current study the assumption is made that the hydrological model calibrations hold under changing future climate conditions. For wflow_sbm calibration is limited, however the parameters are based on catchment and soil properties that may also change in the future. It is behind the scope of the current study, but in further research it could be worth investigating for all three hydrological models whether the parameter values result in equal performance for relatively dry and relatively wet years from the historic record that may also occur under future climate conditions and the number of gauges used per catchment could be extended. Previous research has shown that an enhanced calibration approach that considers intermediate basin gauges, different climate conditions and where relevant glacier mass hold the potential to reduce uncertainties in the future hydrological projections (Huang et al., 2020; Ismail et al., 2020).

Analysis of the historical simulations clearly showed that the bias in simulated discharge was pre-dominantly a result of the bias in precipitation in the CORDEX simulations. Hydrological model simulations with observed meteorological data resulted in discharge regimes that highly resembled the observed discharge regime for most rivers and clearly outperformed the CORDEX driven hydrological simulations. This confirms that, when interested in absolute discharge values, bias-correction is recommended, or otherwise estimated relative changes should be applied to historical discharge observations.

One of the goals of this study was to reduce the uncertainty in the projections of future discharge changes. Kiesel et al. (2020) proposed two main ways to achieve this, either weighting or clustering. Within this study we were in the favorable position to have this large set of CORDEX based hydrological simulations at hand and there was no computational need for model sub-selection. In addition, the diversity analysis showed that the spread of realizations for any single GCM, RCM or hydrological model was comparable. The results did not confirm that within such a sub-set of our ensemble there would be more consistency than within the whole ensemble of realizations. Therefore, it was decided not to apply a clustering method, but instead focus on two weighting methods: ClimWIP and REA. ClimWIP highly favored one of the GCMs giving it almost half of the total weight. This is a much higher weight than the 1/6 of the weight it would have received in the equally weighted case. Still, the resulting weighted average ensemble mean change does not differ much from the non-weighted ensemble change for most rivers. This indicates that the ClimWIP model favors a GCM that performs well for large scale climate variable and that also provides basin scale discharge projections that are in line with the projections obtained when the full ensemble is considered. On the other hand, we have also seen from the high diversity between models shown in the boxplots per model that the GCM signal is not dominating the overall change projection and weighting on GCMs alone may not be sufficient. Finally, there are a few RCMs that are outside the inter-quantile-range of all models. Another method for optimizing or sub-selecting the ensemble could have been the exclusion of those.

Next to the ClimWIP method we applied the REA method to river discharges. The method focuses on historical bias and difference in projected changes for river discharge. Both having an equal importance. Unfortunately, in our case the bias in simulated historical discharge is large and diverse. For some rivers the final REA change can be highly dominated by a single GCM-hydrological model combination that has a relatively small bias. The three models have all been schematized based on best available (global) datasets, advanced hydrological model calibration could be a first step to reduce the influence of this bias. Another way of reducing the bias would be the correction of the climate data, however several past studies have indicated the influence of the bias-correction on the change signal in the climate data (Themeßl et al., 2012; Cloke et al., 2013).

In this study, for many rivers a single model was also assigned a weight of more than half the total weight. For the Ebro the result—nearly zero change in future annual average river discharge—was not in line with our expectations. This result comes from the fact that there was one model that clearly outperformed the other models for the historical periods and got a weight of more than 0.6. As discussed by Knutti et al. (2017) and Kiesel et al. (2020) the historically best performing model may not be the best in reproducing the climate change signal. To reduce this model's influence the number of iterations for the ensemble weighted change was already reduced to two. In addition, in future work, when one has significantly long observed time-series at hand for all basins, the REA method could be extended with a weight for the reproduction of observed historical trend (Sperna Weiland et al., 2012). This may be more relevant than the historical bias as it provides information on the reproduction of the change signal. Another possibility to improve the method would be adjusting the m and n factors of the two reliability criteria hereby decreasing the influence of the bias on the overall weight. Yet, the values to be used for m an n remain subjective. From the comparison between weighting methods it can be concluded that weighting climate models based on large scale climate patterns is more reliable than weighting on basin specific discharges. However, both methods favored similar GCMs.

This study is based on RCP8p5 which is a high-end scenario. It was selected because of its pronounced change signal. The projections are likely more severe than they would have been with scenarios usually selected for policy making purposes. Although there is large variation in the derived changes, overall the results do show some consistency. For most rivers there is a clear direction of change. In many cases, climate change exaggerates a problem that already exists like re-occurring severe droughts in Mediterranean countries. Here adaptation is needed and ongoing. In other cases, like the Moselle, the numbers indicate a need for further localized research to see for example whether we can expect further decreases in 7-day low flow that can hamper navigation in the future (Christodoulou et al., 2020).



CONCLUSION

Within this study we assessed the impact of climate change on river flow for nine basins spread over Europe with varying climate conditions and catchment characteristics using an ensemble EURO-CORDEX climate models and three hydrological models.

For two hydrological models we qualitatively evaluated the simulated historic flows. The LISFLOOD model forced with the with EOBS precipitation and temperature bias-corrected CORDEX data and the wflow_sbm model forced with EOBS data resemble observed flows reasonably well. Clear exceptions are the Scandinavian rivers Glomma and Ångermanälven, where performance is influenced by representation of reservoirs in the models and the low density of meteorological observations in the EOBS dataset. Both the wflow_sbm model and CWatM were run with the raw CORDEX data and for many rivers the thus simulated flows are comparable.

In line with existing work, the future projections indicate likely discharge decreases for the rivers in Southern Europe whereas increases are more likely for basins in Northern Europe. The large set of hydrological CORDEX based simulations we had available for three different hydrological models allowed to draw additional conclusions. The influence of the hydrological model, it's calibration and the application of bias-correction on projected discharge changes showed to be limited in basins with a strong climate change signal. Here, the climate signal dominates the projected direction of change. Yet, in central Europe where the changes are more variable the different model chains result in variable projections.

The consistency in the projected 7-day minimum flow statistic is highest, especially for Southern basins where evaporation will increase, summer precipitation may decrease and thus low flows will decrease. Projected changes in maximum flow are highly variable. There is clearly an uncertainty in projected maximum flow, caused by the large uncertainties in climate model precipitation. In addition, the 30-year time periods are too short to provide a representative set of annual maxima. Finally, estimates of peak flows are model dependent and rather sensitive to different routing and model parameterizations.

An analysis of the diversity in the projections showed that the variation for a single model, either GCM, RCM or hydrological model, is in a range similar to that of a random selection of realizations. Within the ensemble used here the GCM signal does not dominate the projection. Therefore, ensemble sub-selecting was not applied.

From the comparison between weighting methods it can be concluded that weighting climate models based on large scale climate patterns is more reliable than weighting on basin specific discharges. The REA method resulted in this study in very mixed and sometimes deviating change projections. However, both the REA and ClimWIP method favored simulations with ICHEC-EC-EARTH for at least part of the basins. The change in future projections, introduced by the weighting methods has a limited influence on the projected direction of change. However, the fact that a consistent change signal is obtained when either the full non-weighted ensemble or a weighted change where a single model dominates the change signal is used, increases the confidence in the projections.

Finally, some uncertainties and biases in the change signal cannot be resolved by applying bias correction or post-processing weighting techniques. There remains a need for both improved forcing data and model parameterization.
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Supplementary Figure 1. Boxplots representing the projected changes in 7-day low flow for the remainder of rivers not presented in Figure 4 for from left to right, the 3 hydrologic models, the 7 GCMs, the 6 RCMs and the full set. The spread of the boxplots is influenced by the number of available simulations and this number has therefore between brackets been added to the labels of the x-axis.

Supplementary Table 1. Projected change in long-term average 7-day minimum low flow between the periods 1981–2010 and 2031–2060. Similar to Table 5 but now sorted by model.

Supplementary Table 2. Projected change in long-term average annual mean flow between the periods 1981–2010 and 2031–2060. Similar to Table 6 but now sorted by model.

Supplementary Table 3. Projected change in long-term average annual maximum flow between the periods 1981–2010 and 2031–2060. Similar to Table 7 but now sorted by model.
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