
Journal of Hydrology: Regional Studies 38 (2021) 100962

Available online 26 November 2021
2214-5818/© 2021 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

High-resolution climate datasets in hydrological impact studies: 
Assessing their value in alpine and pre-alpine catchments in 
southeastern Austria 

Stefanie Peßenteiner a,*, Clara Hohmann b,c, Gottfried Kirchengast b,c,d, 
Wolfgang Schöner a 
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A B S T R A C T   

Study region: Catchments: Wölzerbach, Raab; Styria; Austria. 
Study focus: The study was carried out to investigate the fitness for purpose of the high-resolution 
Austrian National Climate datasets (ÖKS15) in hydrological applications. Provided as a standard 
for climate impact studies in Austria in 2016, the potential of the ÖKS15 data for hydrological 
impact studies has not previously been assessed. To fill this research gap, we evaluated the ÖKS15 
datasets for the recent climate period (1961–2005) to determine their suitability for hydrological 
analyses. Hydro-meteorological indicators of the ÖKS15 datasets, as well as of the data used to 
obtain them by bias correcting and downscaling the EURO-CORDEX models, were assessed at 
different spatio-temporal scales and compared to the raw EURO-CORDEX data. The hydrological 
model WaSiM was driven with the different datasets to generate the hydrological simulations 
used for validation against long-term observations. 
New hydrological insights for the region: Hydro-meteorological indicators obtained from ÖKS15 
models are comparable to observations and associated with less uncertainty than the raw EURO- 
CORDEX data. We thus consider the ÖKS15 dataset basically appropriate for hydrological impact 
studies. However, despite bias correction, some biases in the ÖKS15 data remain and differences 
in timing, magnitude and spatial characteristics lead to deviations in hydrological indicators at 
different scales.   

1. Introduction 

Regional Climate Model (RCM) projections provide essential information for hydrological climate change impact assessments. 
These are commonly used as input in hydrological models (e.g., Pastén-Zapata et al., 2020; Rössler et al., 2019; Smiatek and Kunst-
mann, 2019; Willkofer et al., 2018). However, the application of climate-hydrology modelling chains, specifically for smaller sized 
basins (< 100 km2), remains challenging. For this reason, such an application has been subject to numerous studies (Smiatek and 
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Kunstmann, 2019; Reszler et al., 2018; Olsson et al., 2016; Teutschbein and Seibert, 2010). 
Among others Maraun et al. (2010) identified “major gaps” between dynamic climate models and the end users’ needs: The poor 

representation of heavy localized convective precipitation and the spatial precipitation distribution in these models, as well as 
problems in the correct reproduction of sub-daily rainfall, are particularly challenging aspects for hydrologic applications. Liersch et al. 
(2018) posed a valid question when they asked if climate model simulations are the right fuel to drive hydrological models. They 
showed that bias correction may enhance the validity of climate simulations for driving hydrological models, but it can also deteriorate 
hydrological extremes. They concluded that it might be reasonable to select a climate model subset instead of full ensembles in a 
regional context. Hakala et al. (2018) confirmed the importance of bias correcting RCMs driven by General Circulation Models (GCMs), 
which improved discharge simulations in most cases in their study. They proposed using hydrological models to rank GCM-RCM 
simulations (i.e., simulations from RCMs forced by GCMs) according to their performance of discharge simulations before applying 
bias correction, which would allow the user to evaluate their output in a process-oriented framework. 

Although a good performance in the past does not guarantee a robust model performance in the future (Mendlik and Gobiet, 2016; 
Huang et al., 2015; Reifen and Toumi, 2009), users must assess the fitness for purpose of climate and hydrological model data to meet 
stakeholders’ increasing demands for robust information about water availability and flood risk. 

In Austria, the ÖKS15 study (Austrian national climate datasets study; Chimani et al., 2016) provided high-resolution GCM-RCM 
simulations for researchers and practitioners. It was also carried out to implement a robust climate database and thus enable inter-
vention measures and climate change adaptation strategies. To achieve this goal, the high-resolution ÖKS15 simulations were derived 
by downscaling and bias correcting projections from the EURO-CORDEX ensemble (Jacob et al., 2014). For additional information 
regarding the EURO-CORDEX climate modelling initiative, including numerous studies that have evaluated the EURO-CORDEX data in 
various settings, we refer to the overview article of Jacob et al. (2020). 

The approach of the ÖKS15 project followed a general idea of several similar projects that are being conducted to generate and 
provide national reference climate projections for climate change impact assessment. These projects include CH2018 (CH2018, 2018) 
in Switzerland, UKCP18 (Lowe and Bernie, 2018) in the United Kingdom and the Gridded 1 km x 1 km climate and hydrological pro-
jections (Wong et al., 2016) in Norway. In order to evaluate the added value for hydrology in Switzerland, Rössler et al. (2019) pre-
sented a scheme to compare two Swiss climate scenario datasets CH2011 (CH2011, 2011) and CH2018 (CH2018, 2018), which are 
based on different climate model chains and postprocessing methods. They analyzed the hydrological consequences of the different 
postprocessing procedures (e.g., delta change approach, quantile mapping, weather generator). The authors identified an added value 
for quantile mapping, and particularly for extremes (compared to averages), and emphasized the benefit of using numerous re-
alizations from a weather generator. 

In this paper, we argue that the climate scenario data that is initially available for hydrological impact research in Austria can be 
effectively compared with data from other regions, despite apparent differences in national climate projections (e.g., from different 
reference datasets, bias correction methods, underlying model chains). However, as in other regions worldwide, Austrian researchers 
are still uncertain how best to use such datasets in hydrological impact studies to generate robust hydrological findings, e.g. useful for 
climate adaptation. In particular, the spatial and temporal scales at which the climate input data provide robust hydrological infor-
mation is still uncertain. To address this gap, we explored the potential of the Austrian ÖKS15 dataset for hydrological climate impact 
assessment, using it as exemplary study for other regions. Two different catchments (alpine, pre-alpine) were defined as case study 
regions. We applied the following sequence of data analyses:  

- We quantified the uncertainty of the meteorological dataset (air temperature and precipitation) that was used to construct the 
ÖKS15 dataset by bias correcting and downscaling the raw EURO-CORDEX GCM-RCM data (using data inter-comparison statistics 
such as mean absolute error, bias, and correlation coefficient)  

- We then compared the uncertainty associated with these observational data with that of the bias-corrected ÖKS15 and the raw 
EURO-CORDEX dataset, respectively  

- We applied the hydrological model WaSiM to perform discharge simulations for all meteorological input data (observational and 
climate model data)  

- Next, we evaluated the robustness of the simulated hydrological output for the individual input datasets by using selected hydro- 
meteorological indicators 

Finally, we condensed our results in order to enable their transfer to other regions and to guide the use of ÖKS15 and similar 
datasets in (but not limited to) hydrological impact studies. 

2. Study areas, data and methods 

2.1. Study areas 

In this study, we examined two hydrologically diverse basins, an alpine and a pre-alpine catchment, located in the federal state of 
Styria in southeastern Austria. Styria is located in a transition zone between the Alpine and the Mediterranean climate regions, an area 
characterized by specific weather patterns and related precipitation distribution due to the interaction among cyclones approaching 
from the west/northwest and the south. The warm and dry southeastern parts of Styria experienced a temperature increase of near 0.7 
◦C per decade from 1971 to 2016 (Hohmann et al., 2018; Kabas et al., 2011) and thus are considered as particularly sensitive to climate 
change. 
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The case study catchments (Fig. 1) differ in size, orographic complexity, climatic setting, data availability, hydro-economic 
vulnerability and hydrological regimes. This makes them ideal contrasting examples of small catchments within the Greater Alpine 
Region. 

2.1.1. Wölzerbach catchment 
The Wölzerbach, a tributary of the Mur, is a medium-sized (227 km2) mountainous catchment located in the Niedere Tauern range 

of the Central Eastern Alps. It covers an altitudinal range of more than 1700 m, from 740 m a.s.l. at the stream gauge in the southeast to 
the highest peak in the northwestern part of the catchment at 2475 m a.s.l. The Wölzerbach basin is mainly covered by forest (48%), 
alpine dwarf-shrub heath and grasslands (25%) as well as pastures and rock-ribbed mountain tops. The northern parts of the catchment 
are characterized by a steep mountainous topography. The geology is mainly dominated by mica schist and gneiss, with some en-
closures of limestone, dolomite and amphibolite. The three main tributaries cut into highly erodible quaternary unconsolidated 
sediments, making them vulnerable to torrential floods that carry huge amounts of bedload. Due to its elevation range, snow accu-
mulation and snow melt play a relevant role in the catchment hydrology. Major precipitation events can mainly be attributed to 
convective summer precipitation. Mean precipitation sums in the Wölzerbach catchment range from around 1800–700 mm following 
the north-south elevation gradient. With snow melt as the main driver, the Wölzerbach is characterized by a moderate nival discharge 
regime with a peak in May (c.f. Mader et al., 1996). 

2.1.2. Raab catchment 
The Raab, being a typical southeastern pre-alpine river, flows from the eastern-most Alpine ridges toward the southeast, through 

Hungary and ends as a tributary of the Danube. The Austrian part of the catchment covers an area of about 1000 km2 with the outlet at 
an altitude of 230 m a.s.l. and the highest elevations at 1545 m a.s.l. in the northern part of the area. The mean annual precipitation 
sums range from around 1050 mm in the north to around 750 mm in the southeast. Agriculture (42%) and forest areas (40%) dominate 
the land use of the catchment. Loam represents the main soil texture. Due to its location in a transition zone between the sensitive 
Alpine and Mediterranean climate regions, the catchment of the Styrian Raab has been a key focus of climate change studies in Austria 
(Schürz et al., 2019; Piringer et al., 2019; Hohmann et al., 2018). The Raab exhibits a pluvio-nival discharge regime type (c.f. Mader 
et al., 1996), in which the discharge is relatively evenly distributed over the year. 

2.2. Data 

Several different hydro-meteorological datasets have been incorporated in this study (Table 1). Station temperature and precipi-
tation data have been provided by the Austrian Central Institution for Meteorology and Geodynamics (ZAMG) and the Austrian Hy-
drographic Service (AHYD), whereby the latter also provided discharge data. In the alpine Wölzerbach catchment, a total of 18 
temperature and 22 precipitation stations were used as direct data sources and as the basis for the spatial internal interpolation by the 
hydrological model (Section 2.3.2). 

In the Raab catchment, measurements were available from 27 temperature and 70 precipitation stations. Stations which underwent 
a relocation were considered as separate stations in the analysis and interpolation procedure. In order to compare station values and 
gridpoint values, potential elevation differences, which are particularly prevalent in mountainous parts of the study region, were 
corrected by applying a simple annual average lapse rate approach (0.5 K per 100 m; c.f. Prettenthaler et al., 2010). In addition to the 
station data, we used gridded observational datasets for precipitation (GPARD1; Hofstätter et al., 2015) and temperature 

Fig. 1. Location of the study areas in Styria, southeastern Austria. The alpine Wölzerbach (227 km2) and the pre-alpine Raab (987 km2) serve as 
test catchments. 
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Table 1 
Meteorological and hydrological data used in the study.  

Name/Notation in 
this Paper 

Source Type Period Variables Interpolation References 

STATION ZAMG Point observation 1961–2010 (or shorter, dependent 
on station) 

Precipitation [mm], 
Air Temperature [◦C] 

Temporal: Precipitation - Day sum 07:00–07:00 CET; 
Temperature: before 1971: Tm = (T7 + T14 + T21)/3; after 
1971: Tmean = (Tmin+Tmax)/2  

STATION AHYD Point observation 1961–2010 (or shorter, dependent 
on station) 

Precipitation [mm], 
Air Temperature [◦C] 

Temporal: Precipitation - Day sum 07:00–07:00 CET; 
Temperature: Tm = (T7 + T14 + T21 + T21)/4  

GRID (GPARD1) ÖKS15 
(ZAMG) 

Grid 1 km x 1 km 1961–2010 Precipitation [mm] Temporal: Day sum 07:00–07:00 CET, Spatial: Gradient-based 
anisotropic Interpolation using a Background-Climatology 

Hofstätter et al., 2015 

GRID 
(SPARTACUS) 

ÖKS15 
(ZAMG) 

Grid 1 km x 1 km 1961–2010 Air Temperature [◦C] Temporal: Tmean = (Tmin+Tmax)/2; Spatial: Interpolation using 
nonlinear profiles and non-Euclidean distances 

Hiebl and Frei, 2016 

ÖKS15 ÖKS15 13 GCM-RCM 
combinations, Grid 1 km 
x 1 km 

Dependent on GCM-RCM chain 
1961–2005 or 1971–2005 (RCA 
model combinations) 

Precipitation [mm], 
Air Temperature [◦C] 

Statistical Downscaling with Scaled Distribution Mapping 
(SDM) 

Chimani et al., 2016;  
Switanek et al., 2017;  
Leuprecht et al., 2017 

RAW EURO- 
CORDEX 

13 GCM-RCM 
combinations, Grid 
12.5 km x 12.5 km 

Dependent on GCM-RCM chain, 
1961–2005 or 1971–2005 (RCA 
model combinations) 

Precipitation [mm], 
Air Temperature [◦C] 

Bilinear Regridding from 12.5 km x 12.5 km to 1 km x 1 km Jacob et al., 2014 

Gauge AHYD Observation Dependent on Gauge Discharge [m3/s]    
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(SPARTACUS; Hiebl and Frei, 2016) which are based on some but not all of the station data examined within this study. 
Gridded high-resolution climate datasets were provided by the ÖKS15 project (Leuprecht et al., 2017). The ÖKS15 dataset is based 

on the results of 13 RCMs (12.5-km grid spacing) by downscaling and bias-correcting simulations from the EURO-CORDEX ensemble 
(Jacob et al., 2014) to a 1-km grid over the entire region of Austria. Bias correction with scaled-distribution mapping (Switanek et al., 
2017) was performed for the period 1961–2005 with reference datasets GPARD1 and SPARTACUS. Data from only 1971 and on are 
available, however, in five out of the thirteen ÖKS15 datasets (all of which are combinations with the regional climate model RCA). A 
detailed description of the ÖKS15 data is given in Chimani et al. (2016), and an overview of the GCM-RCM combinations is listed in the 
Appendix (Table A.1). In addition to the bias-corrected ÖKS15 data, we also investigated the raw EURO-CORDEX model data, 
regridded bilinearly to the 1-km x 1-km grid of the ÖKS15 data. An overview of the datasets and parameters used in our study is given 
in Table 1. 

2.3. Methodology 

Fig. 2 provides an overview of the applied methodological steps. To find out how the different input data affect hydrological 
simulations, we first analyzed the meteorological STATION, GRID, ÖKS15 and RAW data (step 1). In the context of our study, we define 
uncertainty as differences between the different meteorological input datasets: 

1a) GRID to STATION: Uncertainties associated with the interpolation method, the inclusion/exclusion of different stations, and 
measurement errors associated with those. 

1b) GRID to ÖKS15: Uncertainty related to the bias correction. 

1c) GRID to RAW: Uncertainty related to the GCM-RCM climate model realization. 
We then calibrated the hydrological model with one of the observed datasets (STATION in the Raab catchment, GRID in the 

Wölzerbach catchment; see Section 2.3.2), and forced the calibrated model with the remaining other dataset, GRID/STATION, ÖKS15 
and RAW (step 2). 

In step 3 we analyzed the influence of this input uncertainty on discharge and simulated hydro-meteorological indicators. The 
uncertainty associated with the hydrological model is assessed within the STATION-to-OBSERVED comparison. GRID-to-STATION 
uncertainty is originating in uncertainty of station interpolation. Comparisons STATION/GRID-to-ÖKS15 assess the performance of 
the model chain using bias-corrected input whereas comparisons STATION/GRID-to-RAW analyze the uncertainty originating in the 
climate models. Analyzing differences of ÖKS15 and RAW finally allows to assess the difference between uncorrected and corrected 
model input. 

This methodology is similar to the one described in Hakala et al. (2019) who give a detailed introduction to hydrological modeling 
of climate change impacts, including a discussion on the different sources of uncertainty. 

2.3.1. Evaluation methods and criteria 
We examine the meteorological STATION, GRID, ÖKS15 and RAW data at the gridpoint and catchment levels. To evaluate STA-

TION data at the gridpoint level, we contrast station time series with the collocated data matching the STATION location. In addition to 
visually examining the distribution functions of the identified differences (i.e., of gridpoint-minus-station statistics) and their temporal 
evolution, we inter-compare cumulative distribution functions (CDFs), and statistics derived from these that serve to indicate per-
formance, for the variables of interest. In particular, Mean Absolute Error (MAE), Bias (BIAS), Percent Bias (PBIAS), and Pearson’s 
Correlation Coefficient (CORR), respectively, serve as the main evaluation indicators. To acknowledge the fact that the nominal 1-km 
spatial data sampling method used for the gridded datasets does not need to correspond to the actually resolved spatial patterns 
(“skillful scale”) or to the effective resolution of the STATION network (on average approximately 10-km inter-station distance), we 
apply the same evaluation procedure for temperature and precipitation at the sub-catchment and catchment scales. In this context, it 
should be noted that Chimani et al. (2019) recommend a meaningful interpretation of spatial precipitation patterns for a resolution 
coarser than 40 km x 40 km (particularly for extreme precipitation over short time scales). 

To validate the hydrological variables, a similar approach in terms of efficiency criteria is chosen. Discharges simulated by WaSiM 
using the different input datasets are compared with each other and contrasted with the observed discharges. The Nash-Sutcliffe 
Efficiency (NSE) and logarithmic Nash-Sutcliffe Efficiency (NSElog) (c.f. Krause et al., 2005; Moriasi et al., 2007; Nash and Sut-
cliffe, 1970) are used for evaluation. In addition, mean annual hydrographs and long-term flow duration curves (FDCs) are assessed, 
which describe the variability of the flow and thereby provide information about the water regime (c.f. Ridolfi et al., 2020). Table 2 
presents an overview of the different spatial scales at which the evaluation of meteorological and hydrological variables is performed. 

Finally, we investigate the impact of the various input datasets on simulated hydro-climatic conditions by analyzing different 
hydro-meteorological indicators (Table 3), which have been suggested as relevant by a variety of studies with a hydrological impact 
focus (Ekström et al., 2018). We perform our evaluation for different climate reference periods (i.e., 1961–2005, 1971–2000) or, where 
observational records are shorter, for the longest possible period. 
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Fig. 2. Methodological approach applied within this study. We start by analyzing differences between the meteorological input data (STATION, 
GRID, ÖKS15 and RAW) to assess the uncertainties associated with them (step 1). The comparisons (letters a-c) refer to the analyses of the different 
sources of uncertainty, as described in section 2.3. 1a) Uncertainties associated with station measurements and interpolation method. 1b) Uncer-
tainty related to bias correction. 1c) Uncertainty associated with model realization. In step (2) we apply the hydrological model WaSiM to perform 
discharge simulations for all input datasets. Finally, we assess the uncertainty of the simulated hydrological output for the individual input datasets 
by using selected hydro-meteorological indicators (step 3). Steps 1a) and 3h) are shown as examples. 
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Table 2 
Datasets, indicators and variables used for evaluating meteorological and hydrological variables.  

Scale Dataset Variables Evaluation Method/ Indicator 

Gridpoint ZAMG/ AHYD, GPARD1, 
SPARTACUS 

Precipitation [mm], Temperature [◦C] Annual cycle, CDFs, MAE, BIAS, PBIAS, CORR, Hydro-meteorological Indicators (see Table 3) 

(Sub-) 
Catchment 

GPARD1, SPARTACUS, ÖKS15, 
RAW 

Spatial averages of Precipitation [mm], 
Temperature [◦C] 

Annual cycle, CDFs, MAE, BIAS, PBIAS, CORR, Hydro-meteorological Indicators (see Table 3) 

(Sub-) 
Catchment 

GPARD1, SPARTACUS, ÖKS15, 
RAW 

Discharge [m3/s] Flow Regime (mean annual hydrograph), FDCs, NSE, NSElog, MAE, PBIAS, Hydro-meteorological Indicators 
(see Table 3)  
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2.3.2. Hydrological simulations with the WaSiM model 
In order to quantify impacts from the use of the ÖKS15 data on simulated hydrological variables and to extend the discharge 

timeseries beyond observations, we used the Richards–10–02–04 version of the hydrological model WaSiM (Schulla, 2017). The 
spatially distributed, deterministic model incorporates physical-based as well as conceptual approaches and is widely used in climate 
change studies (e.g., Rössler et al., 2019; Smiatek and Kunstmann, 2019, Willkofer et al., 2018; Gädeke et al., 2014). The WaSiM model 
was previously applied in the Raab region by Hohmann et al., 2018, 2021 and the same model setting of Hohmann et al. (2018) is used 
in this study, except for minor modifications due to an altered time frame, a slightly changed digital elevation model (to assure 
conformity with the GRID input data) and data availability. 

For both catchments we chose a reasonably simple model setup with Temperature Index Snowmelt and Hamon evapotranspiration 
(Hamon, 1961), a daily time step and a spatial resolution of 1 km × 1 km in accordance with data availability. To perform precipi-
tation interpolation in the STATION runs, we used Inverse Distance Weighting (IDW) in the pre-alpine Raab and a combination of IDW 
(70%) and altitude dependent regression (30%) in the alpine Wölzerbach. Temperature was interpolated using a combination of IDW 
(75%) and nearest neighbor combined with a constant lapse rate (25%) in the Raab and nearest neighbor combined with a constant 
lapse rate (0.5 K per 100 m; c.f. Prettenthaler et al., 2010) in the Wölzerbach catchment. 

Snow accumulation is modelled by WaSiM using a threshold temperature TR/S at which 50% of the precipitation falls as snow and a 
transitional range Ttrans within which both liquid and solid precipitation occur. The values of TR/S = 2.1 ◦C, Ttrans = ± 0.35 ◦C were 
determined from calibration for the Wölzerbach, and these values were set to TR/S = 0.75 ◦C, Ttrans = ± 1 ◦C by default for the Raab 
catchment. 

We chose two different calibration-validation strategies. A combination of manual calibration and the SCE-UA algorithm (Duan 
et al., 1994) was used for both catchments to choose optimal parameter sets by maximizing the linear combination of the ordinary and 
the logarithmic NSE (c.f. Moriasi et al., 2007; Nash and Sutcliffe, 1970; Section 2.3.2). Both measures were weighted with 0.5, using a 
split sample approach (Appendix Table A.2). Although the model was calibrated using meteorological input from STATION data 
(internally interpolated in WaSiM) for the Raab catchment, the model was calibrated for the Wölzerbach catchment by using the 
externally interpolated GRID datasets. The performance based on the respective alternative input datasets (i.e., those not used in the 
calibration procedure) then serves as indicator for the model robustness and reveals differences, strengths and weaknesses in the 
various input datasets. 

3. Results 

The hydrological models for the Raab and the Wölzerbach catchments were driven by observational, uncorrected and bias- 
corrected climate model data to assess the utility of the high-resolution ÖKS15 datasets in hydrological applications. Therefore, the 
uncertainties in the forcing data from climate models were compared with the uncertainties in the observational data. Our results are 
presented separately for atmospheric drivers (structured by separate comparisons at point and catchment scale) and hydrological 
characteristics. 

3.1. Uncertainty in atmospheric driving data – observational data vs. model-based datasets 

3.1.1. Temperature data consistency at gridpoint level 
We found an average MAE of 1.3 ◦C between the STATION and GRID daily temperature values for gridpoints in the alpine 

catchment for the period 1961–2005, with a positive bias for GRID temperatures observed in 12 out of 17 locations (statistics for 
individual gridpoints/stations are found in the Appendix Table A.3). Elevation differences between STATION and GRID pixel height 
are particularly pronounced in the partly steep Wölzerbach. The GRID dataset can be used to capture inversions, which the simple 
annual lapse rate correction (Section 2.2) does not consider. Thus, temperatures in autumn and winter often exhibit larger differences 
between STATION and GRID data in the alpine catchment. The smaller overall MAE of 0.5 ◦C for the pre-alpine Raab catchment is 

Table 3 
List of hydro-meteorological indicators used for comparing and evaluating different input datasets.  

Indicator Category Unit Description Reference 

Sfrac Climate: Temperature, 
Precipitation 

% Snowfall fraction: Ratio of snowfall to precipitation (Percentage of total 
snowfall on total precipitation)  

DSPDmean Precipitation days Mean dry spell duration: Mean number of consecutive dry days (precipitation 
< 1 mm) 

Beyer et al., 
2016 

WSPDmean Precipitation days Mean wet spell duration: Mean number of consecutive wet days (precipitation 
≥ 1 mm) 

Beyer et al., 
2016 

Low75, Low95, 
Low99 

Discharge magnitude m3/s Low flow discharge (75th, 95th and 99th percentile) Zhang et al., 
2016 

Hig01, Hig05, Hig25 Discharge magnitude m3/s High flow discharge (> 1st, 5th and 25th percentile) Zhang et al., 
2016 

S95, S10 Seasonal discharge 
extremes 

days Number of days in summer in the top fifth percentile annual flows; number of 
days in the summer in which flows were less than 10% of mean annual flow 

Wenger et al., 
2010 

Peak frequency Discharge variability - Frequency of peaks above three times the monthly median flow Pennino et al., 
2016  
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believed to be an effect of the gentler orography and the higher number of stations used in the creation of the GRID dataset. More than 
half of the stations show a negative bias (Appendix Table A.3), but this remains predominantly small (average bias − 0.1 ◦C). 

Whereas the majority of RAW models underestimate temperature, the cumulative distribution functions of the bias-corrected 
ÖKS15 models align well with the function of the GRID temperatures for almost all the gridpoint locations, models and tempera-
ture ranges (data not shown). 

Fig. 3 compares CDFs of modelled and observed temperatures at one location in each catchment. ÖKS15 historic CDFs (solid lines) 
agree closely with the corresponding GRID distribution functions. The two stations demonstrate locations with over-represented 
colder-than-observed temperature ranges in the GRID dataset (i.e., a negative temperature bias). Although future scenarios are not 
the subject of this paper, we would like to point out that the temperature bias affects simulated future temperature distributions; the 
simulated average daily temperatures of the two stations for the near future (i.e., 2021–2050 at station Stolzalpe, and 2021–2040 at 
station Lassnitzhöhe) remain below those of the recent reference period. 

When comparing the annual cycles of temperatures between ÖKS15 and GRID data (not shown), correspondence is best for the 
reference period that is also used for the bias correction (i.e., 1961–2005). For periods shorter than that, the level of agreement de-
creases. This results in temperature differences of up to 0.5 ◦C for long-term monthly averages for specific models and months, as 
described in Section 3.1.2. 

3.1.2. Temperature data consistency at the catchment level 
Table 4 compares the seasonal mean temperatures of GRID, STATION, RAW and bias-corrected ÖKS15 models with each other for 

two different periods. Positive values indicate warmer GRID temperatures. The GRID temperatures are higher than STATION tem-
peratures for most locations in the Wölzerbach catchment, resulting in a catchment-wide overestimation of about 1 ◦C for the period of 
1961–2005. 

The RAW models generally underestimate temperatures in autumn, winter and spring in the Wölzerbach catchment as compared to 

Fig. 3. Modelled versus observed distributions (CDFs) of temperature for historic and future periods. Left: Stolzalpe – a station south of the 
Wölzerbach catchment. Right: Lassnitzhöhe in the Raab catchment. CDFs of the bias-corrected ÖKS15 models align well with those of the GRID 
dataset. For both stations, the GRID dataset at least partly underestimates temperatures in the past. As a consequence, bias-corrected low tem-
peratures in the ÖKS15 dataset in the near future partially remain below the observed ones in the past. Due to data availability, the reference period 
for the Station Lassnitzhöhe is only 20 years. 

Table 4 
Catchment-wide seasonal mean temperature differences between GRID and STATION, ÖKS15 and RAW datasets, respectively (positive values 
indicating “warmer” GRID temperatures). For the ÖKS15 and the RAW models, differences in the ensemble minimum, median and maximum are 
shown. The two periods correspond to the reference period of 1961–2005 used for bias correction and the exemplary climate period of 1971–2000.   

Wölzerbach Raab 

1961–2005 STATION ÖKS15 min | med | max RAW min | med | max STATION ÖKS15 min | med | max RAW min | med | max 

DJF 2.5 0.1 | -0.0 | − 0.1 4.8 | 2.9 | 1.7 0.4 0.1 | -0.0 | − 0.2 2.4 | 0.3 | − 1.6 
MAM 0.3 0.1 | -0.0 | − 0.1 5.0 | 3.5 | 2.1 0.4 0.1 | -0.0 | − 0.1 3.9 | 1.9 | 0.5 
JJA 0.6 0.0 | -0.0 | − 0.1 3.8 | 2.1 | − 0.2 0.5 0.0 | -0.0 | − 0.1 2.6 | 0.2 | − 2.4 
SON 1.6 0.1 | -0.0 | − 0.1 5.0 | 2.9 | 1.4 0.1 0.1 | -0.0 | − 0.0 3.1 | 0.7 | − 0.2 
1971–2000   
DJF 2.0 0.7 | 0.4 | 0.2 5.1 | 3.1 | 2.3 -0.1 0.8 | 0.4 | − 0.0 2.8 | 0.7 | − 1.6 
MAM 0.3 0.1 | -0.0 | − 0.2 5.0 | 3.4 | 2.1 0.3 0.1 | 0.0 | − 0.1 3.8 | 1.8 | 0.5 
JJA 0.5 0.1 | -0.0 | − 0.2 3.7 | 2.2 | − 0.2 0.4 0.1 | -0.0 | − 0.2 2.5 | 0.2 | − 2.4 
SON 1.6 0.1 | -0.1 | − 0.4 4.7 | 2.8 | 1.3 0.2 -0.0 | -0.1 | − 0.4 2.9 | 0.5 | − 0.2  

S. Peßenteiner et al.                                                                                                                                                                                                   



Journal of Hydrology: Regional Studies 38 (2021) 100962

10

the bias-corrected ÖKS15 models. This effect is less pronounced for the Raab catchment, where only the minority of the RAW models 
overestimates summer and winter temperatures. 

The rather high level of agreement seen between GRID and ÖKS15 data at the gridpoint level is also reflected at the catchment level. 
The differences between the RAW (multi-model median) and GRID data for the Wölzerbach catchment are much larger than those for 
the Raab catchment. Both catchments show the lowest level of agreement in spring. One caveat is that, for reference periods different 
from the one used for bias correction, both the multi-model spread and differences between the ÖKS15 multi-model median and GRID 
data increase. However, these differences remain below the range of temperature differences between the GRID and STATION datasets 
(overestimation by GRID temperatures) as discussed previously. This finding is valid for all seasons and both catchments except for the 
winter season in the pre-alpine Raab catchment (Table 4). 

3.1.3. Precipitation data consistency at gridpoint level 
Precipitation is overestimated by the GRID data (> 70% of all station/gridpoint locations, see Appendix Table A.4). This is more 

pronounced for the Wölzerbach catchment, where the average PBIAS is 14% (period 1961–2005) for gridpoints located in the center of 
the catchment, corresponding to stations not included in the creation of the GRID dataset. With a correlation of 0.92 between the 
STATION and GRID timeseries, the MAE is smaller equal to 2.0 mm/day. The Raab catchment shows a more similar picture (MAE of 
0.7 mm/day, CORR = 0.93), but displays a smaller station-average PBIAS of 3% over the same period of 1961–2005. 

Interestingly, the station introducing the largest positive bias in the Raab catchment, as well as the two stations introducing the 
largest negative bias in the Wölzerbach catchment, are the ones on the opposite sides of the catchment-delineating mountain ridge. We 
argue that the different precipitation climate north of the mountain ridge explains this finding. In general, datasets from the ZAMG 
stations correspond more closely with the GRID dataset (although not all of the stations were used for the creation of GRID data) than 
stations from AHYD. Differences between STATION and GRID data are largest in summer when the major precipitation events (heavy, 
convective precipitation) usually occur in the study catchments. 

3.1.4. Precipitation data consistency at the catchment level 
While the GRID exceeds STATION precipitation in all months and sub-catchments over the period of 1961–2005 (more apparent for 

larger monthly precipitation) for the alpine Wölzerbach catchment, as would be expected from the station level results, the findings are 
more spatially and temporally diverse for the Raab catchment (Fig. 4 and Appendix Fig. A.1). 

An overestimation of GRID as compared to STATION precipitation in the upper part of the Raab catchment opposes the under-
estimation of precipitation seen in the middle part for both the reference period (1961–2005) and the period of 1971–2000. In the 
lower part, GRID precipitation underestimates precipitation in the long-term and slightly overestimates it for the period of 1971–2000. 
This is a result of the accrual and discontinuation of individual stations as well as the partially alternating positive and negative biases 
for individual years. Interestingly, these spatial and temporal features of under/overestimation result in an almost perfect fit between 
GRID and STATION precipitation for the entire Raab catchment in the period of 1961–2005. 

As shown in Fig. 4, the bias-corrected ÖKS15 precipitation also agrees closely with that of the GRID data, which is also justified by 
the use of the GRID data in the creation of the ÖKS15 data. However, almost all RAW models, serving as the base data for the bias 
correction of ÖKS15, significantly overestimate precipitation in both catchments except for the summer period. 

Comparing the bias-corrected ÖKS15 model data (Appendix Table A.1) with their reference GRID dataset for the reference period of 
1961–2005 (Fig. 5, upper panel), the largest and generally most positive differences are found in the second half of the year (July to 
December). However, the majority of the bias-corrected models tend to underestimate precipitation for most months. It is noteworthy 
that the HadGEM CCLM shows a much weaker seasonality than all other models in the warm period of the year and only about half of 
the precipitation observed in July and August. Chimani et al. (2019) also identified and described this model behavior, i.e., the un-
derestimation of precipitation particularly in Eastern Austria together with the overestimation of cyclone frequency. 

When considering the annual cycle of precipitation in a climate period other than the reference period used for bias correction, 
monthly differences between the GRID and the ÖKS15 runs increase (up to around 18% in August in the alpine catchment). A 

Fig. 4. Annual cycle of catchment average monthly precipitation from non-corrected RCM simulations (RAW) and bias-corrected RCM simulations 
(ÖKS15) as compared to observations (GRID and STATION). Left: For the alpine Wölzerbach catchment, RAW models highly overestimate pre-
cipitation, whereas ÖKS15 align generally well with the GRID dataset. Right: For the pre-alpine Raab catchment, the difference between RAW and 
ÖKS15 models is less than in the alpine catchment. The HadGEM CCLM model is considered an outlier, underestimating precipitation in both 
catchments. The underestimation is particularly striking in the southeastern part of the catchment (Raab). 
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Fig. 5. Annual cycle of percentual differences of precipitation between the GRID reference dataset and the ÖKS15 models (GRID minus ÖKS15 models) for different periods of analysis (upper panel: 
1961–2005, lower panel: 1971–2000) and in the Wölzerbach catchment (left column) and the Raab catchment (right column). 
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consistent evaluation of all ÖKS15 models, however, fails because data from 1971 and on is available in only five out of thirteen 
models. 

3.1.5. Analysis under conditions of wet and dry spells 
While extended periods of consecutive dry days (i.e., dry spells) may cause droughts and water shortages, long sequences of days 

with precipitation above 1 mm (i.e., wet spells) can influence the flood risk. An accurate representation of wet and dry spells, therefore, 
is important in hydrological impact studies. In the long-term mean (1961–2005), the catchment-average monthly dry spell duration in 
the Wölzerbach is highest for the STATION run (Appendix Figure A.2). The GRID and ÖKS15 model medians align generally well with 
noticeable differences in October and November, when the average dry spell length is longer for the GRID run. 

As seen for the overall precipitation, the wet spell durations of the GRID run surpass the STATION run in the alpine catchment in all 
months. The GRID and ÖKS15 model median align slightly less closely for the wet than for the dry spell duration. As compared to the 
GRID run, ÖKS15 models show a shorter wet spell duration in spring and a longer one in the summer season. The RAW model median 
displays a weaker annual cycle in terms of the dry spell duration, with the lowest differences from the ÖKS15 median seen in summer. 
Median RAW wet spell lengths are overestimated in all months. 

In the Raab catchment, the average dry spell length of STATION and GRID runs align more closely than those of GRID and ÖKS15 
runs, where we again find the largest differences in October and November. Interestingly, the wet spell duration in the Raab catchment 
is similar for all analyzed input variants. The largest differences between the GRID and ÖKS15 model median are found in late spring 
and summer, and a greater deviation between RAW and the bias-corrected model median is observed in May. 

3.1.6. Analysis under snowfall conditions 
Snow accumulation and snow-melt play an important role for runoff, and specifically in the alpine Wölzerbach catchment. To 

assess the combined effect of temperature and precipitation, we analyzed the snowfall fraction (i.e., the percentage of snowfall on total 
precipitation). 

For the mountainous Wölzerbach catchment, the STATION and GRID data agree well for snowfall fractions of 31% and 32%, 
respectively, (1970–2000 catchment-average). The ÖKS15 model median, however, adds up to only 26% of the snowfall fraction. 
Except for HadGEM CCLM (which shows a precipitation deficit in summer), the snowfall fraction is underestimated by all ÖKS15 
models for all sub-catchments (not shown). RAW models highly overestimate the snowfall fraction with a median of 46% (ranging from 
40% to 60%). 

In the Raab catchment, the observation-based datasets (STATION and GRID) both give a catchment-average snowfall fraction of 9% 
and 10%, respectively (reference period 1971–2000). The median ÖKS15 model gives a share of 7% of snow with respect to total 
precipitation. The RAW model median yields a similar result with a snowfall fraction of 12%. As seen with the precipitation results, the 
RAW models have a huge spread of 7–22% of snowfall fraction with respect to total precipitation. 

Table 5 
Performance of the hydrological model WaSiM in the Wölzerbach and the Raab catchments.  

Catchment Gauge Meteo input used 
for parameter 
calibration 

Period NSE 
STATION 
input 

NSElog 
STATION 
input 

PBIAS 
STATION 
input 

NSE 
GRID 
input 

NSElog 
GRID 
input 

PBIAS 
GRID 
input 

Wölzerbach Niederwölz GRID Calibration 
2004–2007  

0.81  0.81  5.5  0.69  0.71  18.1 

Wölzerbach Niederwölz GRID Validation 
2008–2010  

0.83  0.87  -4.1  0.68  0.69  19.4 

Raab St. 
Ruprecht 

STATION Calibration 
2003–2009  

0.66  0.73  7.4  0.7  0.55  18.9 

Raab St. 
Ruprecht 

STATION Validation 
1995–2001  

0.78  0.8  4.1  0.4  0.59  33.8 

Raab St. 
Ruprecht 

STATION LONG-TERM, 
1984–2010  

0.66  0.79  1.5  0.46  0.62  21.3 

Raab Takern II STATION Calibration 
2003–2009  

0.75  0.79  8.1  0.77  0.74  12.8 

Raab Takern II STATION Validation 
1995–2001  

0.61  0.77  7.2  0.41  0.58  25.0 

Raab Takern II STATION LONG-TERM, 
1968–2010  

0.59  0.77  6.8  0.54  0.73  15.2 

Raab Neumarkt STATION Calibration 
2003–2009  

0.74  0.79  6.4  0.76  0.76  7.4 

Raab Neumarkt STATION Validation 
1995–2001  

0.62  0.65  4.1  0.58  0.59  10.3 

Raab Neumarkt STATION LONG-TERM, 
1991–2010  

0.72  0.80  4.7  0.7  0.77  9.0 

Raab Feldbach STATION LONG-TERM, 
1961–2010  

0.61  0.74  10.4  0.62  0.73  13.4  
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Fig. 6. Flow duration curves of WaSiM-simulated discharges driven either with STATION, GRID, or ÖKS15 data. Left: Niederwölz (Wölzerbach) gauge. Right: Feldbach (Raab) gauge. Only Feldbach 
covers the full period from 1971 to 2000 and, thus, the FDC of observations is only shown here. For both catchments, the FDCs of GRID and ÖKS15 discharges align well (with the main exception of the 
HadGEM models in Raab catchment). While the overestimation of GRID vs. STATION discharges is visible across the whole spectrum of discharges for the Wölzerbach, overestimation mainly affects high 
to medium discharges in the Raab catchment. 
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3.2. Uncertainty in simulated discharge and hydrological performance 

3.2.1. Consistency of discharge simulations 
In addition to the uncertainty in the atmospheric forcing data, uncertainty in the simulated discharges also results from hydro-

logical model uncertainty. A discussion on how much of the uncertainty comes from either source goes beyond the scope of this study, 
but we consider the bulk effect for discharge and hydrological indicators that have been identified as relevant in hydrology. In order to 
identify the effect of alternative observational input data (STATION and GRID) and reference periods on simulated discharge, Table 5 
lists discharge performance indicators for those input data and periods of analysis. GRID data were used for the Wölzerbach and 
STATION data were used for the Raab to calibrate WaSiM, and both models show a satisfactory representation of observed discharges 
(NSE > 0.6, NSElog > 0.65, PBIAS < 20% for all sub-catchments considered). The performance increases for the Wölzerbach catch-
ment when the GRID-calibrated model is used with STATION data as the driving input data (Table 5), which can be explained by 
including stations not considered in the creation of the GRID dataset. However, the timeseries of discharge was rather short for the 
Wölzerbach (from the hydrological year 2004 and on). 

Regarding the Raab catchment, the model performance in the northern-upper and middle sub-catchments decreases considerably 
when the GRID input is used as driving data (with NSE-values of 0.4 and 0.46 and PBIAS of more than 33% and 25%, respectively, in 
the validation period), although the model still performed well in the calibration period. This appears to be mainly a result of sig-
nificant precipitation-overestimation by GRID data in the northernmost sub-catchments. Whereas overall differences between STA-
TION and GRID precipitation at the pixel level are larger for the calibration period, the over- and underestimations counterbalance 
each other at the sub-catchment level, leading to similar discharges and efficiencies. Decreasing performance in the validation period 
for the northern part of the area is increasingly compensated in the lower parts of the Raab valley, leaving the lowest gauge (Neumarkt) 
almost unaffected. Long-term runs (Table 5) show a picture similar to that of the shorter periods, although the efficiency recovers a bit 
for the two upper sub-catchments (St. Ruprecht, Takern II), whereby the precipitation over- and underestimation between the GRID 
and STATION inputs become more balanced. 

Due to the rather short period of measured discharge in the Wölzerbach catchment, we considered only simulated discharges to 
construct FDCs at the gauge Niederwölz (Fig. 6). Overestimation in the GRID precipitation as compared to STATION data (shown in 
Section 3.1.4) results in an overestimation of the respective modelled discharges, which particularly affects medium to low discharges 
(50th to 100th percentile). When using the RAW data as the driving data, WaSiM tends to vastly overestimate high flows. Bias 
correction improves the simulation of overall flow characteristics considerably and, apart from the high-end extremes, the ÖKS15 runs 
align quite well with the GRID long-term FDCs. HadGEM model results are slightly more disparate than the other GCM-RCM 
combinations. 

Compared to observations, the long-term discharge simulations for the Feldbach gauge in the Raab catchment have a positive bias 
(i.e., an overestimation) for the high to medium (5th to 50th percentile) daily average discharges for both the STATION and the GRID 
runs, while the low flows (75th to are 99th percentile) are underestimated. Exceptions to this are the extreme ends (exceedance 
probability < 0.01 and > 0.995). The result of the analysis using FDCs for ÖKS15 indicates rather good agreement with the GRID run 
for high to medium discharges; however, these deviate considerably in some cases for low flows (Fig. 6, right panel). The improvement 
from bias correcting the RAW models is evident. Again, the unrealistic behavior of the HadGEM CCLM model data and the related FDCs 
must be pointed out. For the Raab catchment, the discharge in all probability segments simulated by HadGEM CCLM are more than 
25% lower than those predicted by the other models, and the median to low flows are 40% lower than those seen in the GRID run. The 
shape of the FDC suggests a higher variance in the daily discharge for HadGEM CCLM and reflects the model’s vast underestimation of 
precipitation in the summer season. 

If we examine these datasets at higher temporal resolution, the monthly FDCs (not shown) already shown considerably, pointing 
out some difficulties with runoff timing, even if the ÖKS15 models are generally able to reproduce the overall flow regimes in both 
catchments (Fig. 7). 

The overestimation of GRID as compared to STATION precipitation results in corresponding discharge overestimation for the 
Wölzerbach. Furthermore, the discharge peak is shifted from May in the STATION run to June in the GRID run. This can at least partly 

Fig. 7. Flow regimes simulated by WaSiM in the period of 1971–2000 (daily values smoothed by a Gaussian filter with σ = 15 days). Left: Nie-
derwölz gauge (Wölzerbach). Right: Feldbach gauge (Raab). For Feldbach, covering the full period from 1971 to 2000, observations are shown as 
well. The HadGEM CCLM model is not able to capture the flow regime due to a vast precipitation underestimation, mainly in the second part of the 
year. The bias is particularly extreme in the Raab catchment (Feldbach) with an underestimation of discharge up to 50%. 
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Table 6 
Discharge indicators for the gauges Niederwölz (Wölzerbach) and Feldbach (Raab) for the different input datasets and two different periods. The model median is given for the ÖKS15 runs, the reduced 
ÖKS15 ensembles (non-RCA-models only, ensemble without HadGEM CCLM) and the RAW runs.  

Catchment/ Period Wölzerbach/Niederwölz 1961–2005 Raab/Feldbach 1961–2005 

Indicator Station Grid ÖKS15 
(med) 

ÖKS15 (med 
non- RCA) 

ÖKS15 (med without 
HadGEM CCLM) 

RAW 
(med) 

Station Grid ÖKS15 
(med) 

ÖKS15 (med 
non- RCA) 

ÖKS15 (med without 
HadGEM CCLM) 

RAW 
(med) 

Measured 

Low75 1.7 2.4 2.5 2.5 2.5 2.1 2.8 3.0 2.6 2.6 2.6 3.1 2.9 
Hig25 4.8 6.3 6.2 6.3 6.2 8.4 7.0 7.2 7.2 7.2 7.2 9.2 6.1 
Low95 1.1 1.6 1.7 1.7 1.7 1.4 1.6 1.8 1.3 1.3 1.4 1.7 1.8 
Hig05 8.9 11.6 11.4 11.4 11.4 24.9 17.9 17.8 18.2 18.0 18.5 20.5 14.6 
Low99 0.9 1.3 1.3 1.3 1.3 1.2 1.1 1.3 0.9 0.9 0.9 1.3 1.0 
Hig01 12.7 16.5 17.0 16.8 17.0 34.2 36.0 35.3 38.4 36.0 38.1 37.9 34.1 
meanS10 2.9 1.6 3.6 2.7 3.1 0.0 14.5 13.4 11.1 12.0 11.6 8.1 11.2 
meanS95 9.2 11.2 10.3 10.4 10.2 15.9 5.6 5.8 6.2 6.2 6.3 2.8 5.8 
meanPeakFrequency 2.9 2.6 2.6 2.7 2.6 3.7 13.4 11.6 10.3 11.3 10.3 7.5 15.4  

Wölzerbach/Niederwölz 1971–2000 Raab/Feldbach 1971–2000 
Low75 1.7 2.4 2.5 2.5 2.5 2.0 2.7 3.0 2.5 2.6 2.6 3.3 3.0 
Hig25 4.9 6.2 6.2 6.2 6.2 8.3 6.6 7.1 7.0 7.0 7.0 9.3 5.9 
Low95 1.1 1.6 1.6 1.5 1.6 1.4 1.7 1.9 1.3 1.3 1.3 1.8 2.1 
Hig05 8.8 11.4 11.3 11.2 11.3 24.8 16.9 17.4 17.5 17.0 17.7 20.4 13.6 
Low99 0.9 1.3 1.3 1.3 1.3 1.2 1.3 1.4 0.9 0.9 0.9 1.3 1.6 
Hig01 12.7 16.2 16.4 16.2 16.5 34.4 35.1 35.2 36.7 34.2 36.0 38.2 31.5 
meanS10 1.7 0.9 2.8 2.8 2.8 0.0 15.3 13.7 10.8 12.2 11.5 8.0 11.0 
meanS95 9.5 10.6 10.5 10.6 10.4 16.6 4.7 5.0 6.0 6.0 6.4 3.1 5.7 
meanPeakFrequency 2.7 2.4 2.6 2.6 2.5 3.7 13.4 11.6 11.2 11.0 11.4 9.3 14.7  

S. Peßenteiner et al.                                                                                                                                                                                                   



JournalofHydrology:RegionalStudies38(2021)100962

16

Fig. 8. Overview of uncertainties for different meteorological and hydrological indicators for the Wölzerbach (left) and the Raab catchments (right) for the period of 1971–2000. Differences in 
simulated variables from observations (STATION minus GRID) on the x-axis are opposed to differences from observations to models (STATION minus ÖKS15/RAW respectively) on the y-axis. Indicators 
linked to precipitation are colored in green, discharge indicators in blue and temperature indicators in red. A logarithmic scale is applied for better readability with different axis limits for the two 
catchments. Temperature indicators are related to the upper and the right axis. Units differ for the different indicators (see Table 3), temperature differences are given in Kelvin, and precipitation 
differences are expressed as percentages. Differences similar to (close to the 1:1 line) or lower than differences in observations (below the 1:1 line) indicate lower levels of uncertainty and robust model 
simulations. 
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be attributed to temperature differences between the two datasets (warm bias of GRID as compared to station temperatures described 
in Section 3.1.1), which affect snow accumulation and melt. Keeping in mind that the Wölzerbach model was calibrated with the 
“warmer” GRID dataset, this leads (due to higher melt and accumulation temperatures) to earlier snow accumulation as well as melt, 
prevailing later in the year for the STATION run. However, these temperature effects are merged with the overestimation of GRID 
precipitation, resulting in a delayed, higher discharge peak for the GRID run. 

Results for the Raab catchment are similar, even if the impact of the slight temperature underestimation (GRID compared to 
STATION) and precipitation overestimation remains lower than for the alpine Wölzerbach. 

Generally, the pluvio-méridional regime of the pre-alpine Raab catchment is reproduced well by both input datasets, but the spring 
and autumn peaks are overestimated by the models as compared to the observations. Interestingly, ÖKS15-driven models result in a 
clear peak in September which is neither simulated by the other forcing data nor is visible in the observations. This could indicate the 
higher relevance of precipitation associated with cyclones coming from the south. Comparing the inter-model spread of ÖKS15-driven 
WaSiM simulations between Raab and Wölzerbach clearly indicates the higher spread for the Raab catchment. This finding may be 
related to the impact of snow melt on runoff, which, in turn, is highly related to temperature and thus associated with a lower spread in 
the alpine catchment. As seen for the Wölzerbach, the HadGEM CCLM vastly underestimates the discharge for the Raab catchment, 
particularly in the second half of the year. When comparing different periods of time, the small positive bias of discharge between 
STATION and GRID runs in the reference period of 1961–2005 (not shown) becomes larger for the period 1971–2000 (climate normal). 

3.2.2. Hydrological performance indicators 
In order to inspect results beyond mean annual hydrographs and probabilities, several discharge indicators were computed to show 

the characteristics of flow magnitude, extremes and variability. Again, this is presented for different input datasets and periods of time 
(Table 6). To acknowledge the fact that RCA model runs only start in 1971, the analysis was also carried out with a smaller ensemble 
excluding GCM-RCM combinations with RCA as the RCM (c.f. Appendix Table A.1). Furthermore, we analyzed a reduced ensemble, 
excluding the peculiar HadGEM CCLM realization. 

We find a diverse picture for the different input data, indicators and catchments. In the Wölzerbach, the overestimation of GRID 
precipitation is reflected in the magnitude-related discharge indicators, with the STATION simulations yielding the respectively lowest 
values. However, for low flow indicators, differences between the other input data (GRID, ÖKS15, RAW) are of the same order of 
magnitude in both catchments. Also, in the pre-alpine Raab catchment, the highest discharges (Hig01) do not differ considerably 
between the input datasets (including RAW). For the other high flow indicators (Hig25 and Hig95 in both catchments, Hig01 in the 
alpine catchment; Table 3), the deviation between the RAW model median is more distinct and particularly pronounced in the alpine 
catchment, whereas differences in other input data remain comparable. 

As far as the number of days in summer which are in the top fifth percentile annual flows (S95) are concerned, different input 
datasets show a greater divergence. For the number of days in summer with flows less than 10% of the mean annual flow (S10), 
differences between ÖKS15 and their reference GRID data are higher than for other indicators. In both catchments, the RAW models 
yield the lowest values (zero in the Wölzerbach), reflecting precipitation overestimation in the uncorrected data. Whereas days with 
high flows (S95 and PeakFrequency; Table 3) as indicated by the RAW models are inflated in the Wölzerbach, they are underrepre-
sented in the Raab catchment. However, when considering observations as the baseline (Raab catchment), differences among the 
different input data are again of the same order of magnitude, particularly for low flow indicators. The reduced ensembles leave the 
multi-model median barely unaffected and do not stand out in our analyses. 

4. Discussion 

Departures of climate model simulations from observations for an identical past represent a significant source of uncertainty in 
scenario studies, and especially for precipitation. The bias correction method attempts to minimize this problem with empirical 
methods. Obviously, bias-corrected data can only be as good as the reference data used for bias correction, and these data are also 
prone to errors (e.g., Gampe et al., 2019; Prein and Gobiet, 2017; Iizumi et al., 2017). The question of how credible the bias-corrected 
data are for the future remains to be addressed. This credibility generally increases when simulations with a hydrological model, forced 
by uncorrected model data, can already represent certain basic hydrological mechanisms. 

4.1. Uncertainty in input data 

Our overall line of reasoning here is that, if the uncertainties inherent in the observations are as large as or similar to the differences 
between the observational and the model data, a useful application in hydrological scenario modelling should be possible. However, 
with regard to climate impact studies, a significantly large climate signal is needed to move beyond the zone of uncertainty. In our case, 
the differences between the two observational datasets, as well as between the model datasets (ÖKS15 and RAW) and observations are 
discussed in the following against this methodical background.  

• Differences between STATION and GRID meteorological input data: 
At the gridpoint level, we found a positive bias for GRID temperatures in the alpine catchment and an overestimation of GRID as 

compared to STATION precipitation for two-thirds (both catchments) of the locations. The differences are particularly pronounced 
in the alpine catchment, resulting in a GRID temperature overestimation of about 1 ◦C and precipitation overestimation of almost 
20% at the catchment level. 
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Calibrating the hydrological model WaSiM with GRID data in the Wölzerbach, the performance increases, when STATION input 
is used. However, driving STATION-calibrated WaSiM-Raab with the GRID dataset leads to a dramatic decline in model perfor-
mance in the validation period. Yet, differences in the pre-alpine catchment spatially and temporally compensate each other, 
leaving the simulated discharge at the most downstream outlet relatively unaffected in the long-term, whereas precipitation 
overestimation leads to continuous discharge overestimation in the alpine catchment. Overall, timing (i.e., inter-seasonal varia-
tion) of hydrological variables differs to a much lesser extent than magnitude (volume).  

• Differences between ÖKS15 and GRID meteorological input data: 
Seasonal cycles of wet spells and discharges of the ÖKS15 models diverge from those of the GRID input, even if annual cycles of 

precipitation and temperature of both input data align well (exception: RCMs driven by the HadGEM GCM). In the alpine catch-
ment, ÖKS15 models (with HadGEM CCLM as single exception) significantly underestimate the snowfall fraction, which is probably 
related to errors in the combined occurrence of temperature and precipitation for snowfall. This translates to some overestimation 
of discharge in winter and an underestimation of the meltwater peak in May. The lack of overlap between the analysis period and 
bias-correction reference period results in deviations in the temperature and precipitation distributions. Their impact on hydro-
logical quantities, however, is equivocal. Significantly shorter periods (e.g., 10 years of analysis) lead to higher discrepancies due to 
natural variability.  

• Differences between bias-corrected ÖKS15 and RAW EURO-CORDEX input data: 
Unlike the bias-corrected simulations, the temperatures obtained from RAW models are generally underestimated, while pre-

cipitation is overestimated. This leads to higher snowfall fractions from the RAW model input. Although this effect is present in both 
catchments, it is particularly pronounced in the alpine catchment. Whereas discharges simulated with the RAW model input are 
overestimated in the alpine catchment, the highest discharges seen in the pre-alpine catchment do not differ considerably 
regardless of the input data used. Differences in low flow discharges are of the same order of magnitude for all inputs in both 
catchments. 

Fig. 8 compares these differences as uncertainty in the observed data with the uncertainties from the model data (ÖKS15, RAW) for 
different meteorological and hydrological variables. This gives a clear picture of the robustness of the model simulations as a relative 
position to the uncertainty in the observed data. Indicators located close to the 1:1 line (similar differences; please note the logarithmic 
scaling) or below the 1:1 line (differences lower than those from observations) indicate lower levels of uncertainty and a higher level of 
model robustness. The differences in the temperature and precipitation indicators are generally higher in the Wölzerbach catchment 
for both observations and models (ÖKS15 as well as RAW) and are presumably related to the complex orography of the catchment. 

Whereas our analyses identify the bias-corrected ÖKS15 models as suitable (robust) for most of the indicators, the uncorrected RAW 
models are associated with high levels of uncertainty, as indicated by their location high above the 1:1 line. Interestingly, some ex-
ceptions exist. In the Wölzerbach, winter temperatures and summer precipitation, as well as low flow indicators are reasonably 
captured by the RAW models. In the Raab catchment, the RAW models simulate summer temperatures, autumn temperatures and 
precipitation as well as low flows to a moderate degree. Thus, in less complex settings, and particularly when studying low flows, using 
the RAW input data might still be an interesting option. 

4.2. Remaining uncertainty in bias-corrected input data 

The bias-corrected ÖKS15 models do not fully capture the timing of discharge characteristics, leading to slight mismatches in the 
simulation of past mean annual hydrographs. Furthermore, even when the bias correction improved precipitation simulations in the 
alpine catchment, due to precipitation overestimation in the reference data, a percent bias of almost 20% persisted. 

As seen with the snowfall fraction, the univariate bias correction does not account for inter-variable dependencies and the often- 
used approach of evaluating climate model variables independently fosters overlooking disparities arising from it. Differences in the 
long-term monthly average dry spell duration could further explain the temporal mismatches to some extent. This highlights the fact 
that an adequate representation of temperature and precipitation cycles, and individual flood-/drought-related meteorological in-
dicators of climate models do not necessarily translate into an accurate representation of average runoff conditions, which might be 
specifically problematic when investigating possible changes in the timing of discharge in the future. 

Potential remaining biases, as found in this study, should be cross-checked in advance, and considered when interpreting results 
from impact assessment model chains. They should be particularly acknowledged in (topographically complex) regions where also the 
GRID data was created with sparse station density. A related discussion on limitations of bias correction due to restricted location 
representativeness can be found in Maraun and Widmann (2015). 

Problems arising from bias-correcting climate variables independently have been acknowledged by other researchers (e.g., Meyer 
et al., 2019; Chen et al., 2018), and the issue of hydrologically relevant remaining biases after bias correction was pointed out in the 
works of Addor and Seibert (2014), Hakala et al. (2018) and Maraun et al. (2019). For a general discussion on the benefits and 
limitations of bias correction we refer to the works of Ehret et al. (2012) and Maraun (2016). 

4.3. Ensemble member selection and cautionary remarks 

Our results do not allow us to give a uniform recommendation for preferred models to use, because most of the models perform 
better in one region than in the other. In terms of discharge characteristics, however, CNRM-CM5 CCLM, MPI-ESM CCLM and EC- 
EARTH CCLM performed reasonably well for the period of 1961–2005 in both (alpine and pre-alpine) catchments. HadGEM CCLM 
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is not able to capture the annual precipitation cycle, especially in the southeastern pre-alpine catchment, underestimating precipi-
tation by up to 50%. However, this scarcely affected multi-model median discharge indicators in our study. The CNRM-CM5 ALADIN 
simulations did not stand out either in our analyses, but were found to be erroneous at a later stage (after the ÖKS15 dataset had 
already been released) (Chimani et al., 2019). Furthermore, since the original publication of the EURO-CORDEX data, errors regarding 
an unrealistic accumulation of snow (also referred to as the “snow tower issue”) have been discovered for the GCM-RCM combinations 
EC-EARTH RACMO and EC-EARTH HIRHAM (EURO-CORDEX Errata, 2021). Frei et al. (2018) showed that this unrealistic accu-
mulation of snow can dampen the climate change signal of temperature at the locations involved. We found that this issue only affects 
high-altitude grid cells in the western part of Austria and thus determined it as not relevant for our study region. However, projections 
concerned should be applied with great caution and removed from the analyzed ensemble where necessary. As suggested by Hakala 
et al. (2018), both future and past periods should be considered in the decision on omitting individual GCM-RCM realizations. 

4.4. Selection of the analysis period 

Although the results for ensemble median-simulated discharges and indicators for the shorter reference period (1971–2000) did not 
stand out in our analyses, the potential lack of overlap between the analysis period and the bias-correction reference period of 45 years 
(1961–2005) should not be neglected. Discharge time series dating back to 1971 or even 1961 are rare, particularly for small and 
medium-sized catchments. Furthermore, since five out of thirteen ÖKS15 models are available only from 1971 and on, the user can 
either choose a shorter analysis period (the full ensemble available for 1971–2005) and accept some of the resulting discrepancies or 
use a reduced ensemble. The idea of establishing a “default-database” that considers the longest records possible neglects the fact that, 
for many applications, observational data of 40 years or longer simply do not exist. Consequently, user-oriented evaluation studies like 
the one presented here can provide further valuable insights for the climate modelling community. 

5. Conclusions 

In this study, we assessed the value of the high-resolution climate dataset ÖKS15 for hydrological impact studies. To achieve this 
purpose, impacts on hydrological indicators were analyzed along different spatial scales and sources of uncertainty, using an alpine 
and a pre-alpine catchment in southeastern Austria as examples. Clearly, some of our results are specific to the Austrian ÖKS15 dataset, 
but others are common for similar high-resolution climate model data in general. 

In order to quantify the effect of uncertainty propagation from meteorological driving data to driven hydrologic indicators, we used 
the hydrological model WaSiM. We found that the observed hydro-climatic conditions could generally be reproduced effectively when 
driving WaSiM with bias-corrected climate model data. Contrary to the uncertainties noted when RAW EURO-CORDEX models are 
used, uncertainties arising from the use of the bias-corrected ÖKS15 are comparable to those in the observed data for most of the 
hydrological indicators analyzed. Taking due account of the limitations and assumptions inherent in bias-corrected data, this 
robustness affirms that the ÖKS15 data are basically fit for purpose for hydrological applications. Our results particularly support the 
specific recommendation to use ÖKS15 data in long-term analyses of mean hydrological conditions. At the same time, hydrologically 
relevant limitations of the ÖKS15 dataset do exist. Even for the bias-corrected data, some inconsistencies in timing, magnitude and 
location persist, partially leading to deviations in hydrological signatures. 

We found that HadGEM CCLM was particularly striking and not able to capture the annual precipitation cycle. Thus this model 
should be applied with great caution, especially for the southeast of Austria. However, multi-model median discharge indicators 
analyzed within this study were scarcely affected. With regard to the precipitation overestimation in the reference dataset, a bias of 
almost 20% remains for discharge in the alpine catchment. Nonetheless, as the temperature and precipitation biases of uncorrected 
RAW models are particularly high in complex terrain, the bias correction adds value in these settings. Still, the uncorrected RAW 
models perform reasonably well with respect to some features, leaving them as practicable options for impact studies (e.g., related to 
low flows). 

As a further cautionary remark, we note that the univariate bias correction method, which does not consider the combined 
occurrence of temperature and precipitation, affects the representation of snow-related processes. This should be acknowledged by 
end-users but might be of less interest in pre-alpine (not snow-dominated) settings. Another finding is that differences in the bias 
correction reference period and some of the models’ temporal coverage also impact meteorological signatures and confine the rec-
ommended use of ÖKS15 data to basins with a sufficiently extensive gauging history, which allows users to run an initial check for 
remaining biases. 

We acknowledge uncertainties and limitations of our hydrological model setup and parameters, which we tried to circumvent by 
partly confining our analysis to the model world. Comparing GRID data to WaSiM-internal STATION interpolation as a reference 
should not suggest that the latter represents the truth. Measurement, structural, parameter and interpolation uncertainty are inherent 
in them as well. For example, no precipitation correction was carried out to avoid obscuring the comparison between the GRID and 
STATION data, even if undercatch can be considerable, particularly in the alpine catchment. The fact that input differences from the 
lack of overlap between the analysis period and the bias-correction reference period do not clearly propagate to discharges as well as 
mismatches in high flow indicators point to limitations in the models used, which need to be addressed in future work. Uncertainty in 
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the hydrological models also affect low flows for which our results indicate a good agreement among all datasets. Vidal et al. (2016), 
for example, found diverging low-flow responses from different hydrological models in a changing climate. Ideally the multi-model 
approach should thus not only be considered using an ensemble of climate models, but applying multiple hydrological models (e. 
g., Horton et al., 2021), particularly with a view to the simulation of snow-related processes in a warmer future climate (e.g. Troin 
et al., 2016). The share of the hydrological models’ part in overall climate change impact uncertainty has been discussed in Dobler 
et al. (2012), Bosshard et al. (2013) and Addor et al. (2014). 

As a further constraint of our approach, we note that vegetation and land use changes, which have had considerable, regionally 
occurring impacts over the past decades, were not included in our models. Together with the consideration of changes due to other 
human impacts, land use changes should be addressed in subsequent studies, particularly when focusing on future climate change 
(e.g., Sivapalan and Blöschl, 2015). 

Finally, focusing on just two example catchments represents another limitation of our analysis and the results might somewhat 
differ when using the ÖKS15 data for other regions in Austria. 

The approach taken in this study, however, is considered an important step in the interdisciplinary community effort to further 
develop climate analysis and simulation-based, high-resolution hydrological research in Austria. We believe that our findings help to 
improve the usage of climate model datasets for hydrological applications in general. While identifying the ÖKS15 dataset generally fit 
for purpose in hydrological applications, describing its strengths and limitations will also help users of ÖKS15 and corresponding 
datasets to design and interpret hydrological impact studies more effectively. 
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Appendix 

See Fig. A.1 and Fig. A.2. 

Fig. A.1. Annual cycle of the 0.25 quantile (Q1) and the 0.75 quantile (Q3) of catchment average monthly precipitation from bias-corrected RCM 
simulations (ÖKS15) as compared to observations (GRID and STATION). Left: For the Wölzerbach catchment. Right: For the Raab catchment. In July 
and August, the Wölzerbach Q3 STATION sums are more strongly underestimated than in other months. This is probably related to local convective 
precipitation not captured by the STATION interpolation. The low performance of the HadGEM CCLM model is clearly visible for both catchments 
and is extremely pronounced in the pre-alpine Raab catchment. 
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Fig. A.2. Mean monthly dry spell duration (right) and wet spell (left) duration for the Wölzerbach and the Raab catchment in the reference period of 1961–2005.  
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See Table A.1. 

See Table A.2. 

See Table A.3. 

See Table A.4. 

Table A.1 
Underlying models and realizations of the ÖKS15 dataset. Letters r, i and p refer to realization, initialization method and physics used for the GCM.  

Period 1961–2005 1961–2005 1961–2005 1961–2005 1961–2005 1971–2005 

GCM/RCM ALADIN CCLM RACMO HIRHAM5 WRF RCA 
CNRM-CM5 r1i1p1 r1i1p1    r1i1p1 
EC-EARTH  r12i1p1 r1i1p1 r3i1p1  r12i1p1 
HadGEM2-ES  r1i1p1    r1i1p1 
IPSL-CM5A-MR     r1i1p1 r1i1p1 
MPI-ESM-LR  r1i1p1    r1i1p1  

Table A.2 
Performance of the hydrological model WaSiM in the Wölzerbach and the Raab catchment, calibrated with SCE-UA (Duan et al., 1994) in a 
split-sample approach.  

Catchment Gauge Meteorological input used for parameter calibration Period NSE NSElog 

Wölzerbach Niederwölz GRID Calibration 2004–2007  0.7  0.71 
Wölzerbach Niederwölz GRID Validation 2008–2010  0.68  0.69 
Raab St. Ruprecht STATION Calibration 2003–2009  0.66  0.73 
Raab St. Ruprecht STATION Validation 1995–2001  0.78  0.8 
Raab Takern II STATION Calibration 2003–2009  0.75  0.79 
Raab Takern II STATION Validation 1995–2001  0.61  0.77 
Raab Neumarkt STATION Calibration 2003–2009  0.74  0.79 
Raab Neumarkt STATION Validation 1995–2001  0.62  0.65  

Table A.3 
Statistics of temperature differences (GRID minus STATION) for the Wölzerbach and Raab catchments over the period of 1961–2005.  

Wölzerbach Raab 

Station BIAS 
(◦C) 

CORR MAE 
(◦C) 

Height 
(m a.s. 
l.) 

Duration 
(Years) 

Operator Station BIAS 
(◦C) 

CORR MAE 
(◦C) 

Height 
(m a.s. 
l.) 

Duration 
(Years) 

Operator 

12800  0  0.98  1.03  1005  25 Z  13300  -0.1  1  0.23  489  24 Z 
13010  0.9  0.99  1.28  1070  28 Z  13301  0  1  0.17  480  20 Z 
15900  -0.3  0.99  0.82  810  41 Z  13305  -0.1  1  0.47  505  9 Z 
15910  -0.8  0.99  0.97  1305  39 Z  13510  -0.5  0.99  0.89  1020  15 Z 
15911  0.3  1  0.47  1215  5 Z  13515  -0.4  0.99  0.76  1034  11 Z 
15920  0.1  0.99  0.76  816  17 Z  16400  0.2  1  0.41  340  45 Z 
16000  0.2  0.99  0.93  842  15 Z  16402  0.2  1  0.24  366  28 Z 
16001  -0.3  0.99  0.8  881  11 Z  16410  -1.1  0.99  1.31  725  15 Z 
16003  -1.4  0.99  1.48  1125  15 Z  16411  -0.7  0.98  1.08  726  20 Z 
16015  0.2  0.99  0.67  869  13 Z  16412  -0.1  1  0.13  367  18 Z 
106005  1.4  0.96  1.94  1120  35 H  16420  -0.1  1  0.26  1436  32 Z 
106500  1.8  0.98  2.08  985  1 H  16421  -0.2  1  0.36  1443  14 Z 
106567  0.8  0.98  1.41  1605  7 H  16500  0.2  1  0.24  375  45 Z 
111674  1.9  0.97  2.14  900  45 H  16510  -1.1  0.99  1.35  543  20 Z 
111732  1.5  0.95  2.11  1260  8 H  16511  -0.7  0.99  1.01  530  16 Z 
123158  0.7  0.98  1.28  810  5 H  19200  0  1  0.16  303  25 Z 
1065001  1.4  0.97  1.96  980  8 H  19201  -0.1  1  0.4  303  16 Z              

19204  0.1  1  0.08  269  3 Z              
19205  0.1  1  0.39  323  8 Z              

110890  1.1  0.99  1.28  306  8 H              
111294  0.6  0.99  1.17  260  8 H              
111369  1.2  0.99  1.49  702  8 H              
111401  -0.1  0.99  0.88  1070  8 H  
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Table A.4 
Statistics of precipitation differences (GRID minus STATION) for the Wölzerbach and Raab catchments over the period of 1961–2005.  

Wölzerbach Raab 

Station PBIAS (%) CORR MAE (mm/day) Height(m a.s.l.) Duration (Years) Operator Station PBIAS (%) CORR MAE (mm/day) Height(m a.s.l.) Duration (Years) Operator 

12800  -15.77  0.9  1.16  1005  25 Z  13300  0.5  0.99  0.3  489  24 Z 
13010  1.71  0.88  1.22  1070  28 Z  13301  -2.43  0.98  0.36  480  20 Z 
15900  11.7  0.89  0.99  810  40 Z  13305  16.49  0.92  0.82  505  8 Z 
15910  -3.79  0.87  1.2  1305  39 Z  13510  2.52  0.9  1.13  1020  15 Z 
15911  12.08  0.87  1.39  1215  5 Z  13515  -1.13  0.89  1.13  1034  9 Z 
15920  6.75  0.91  1  816  17 Z  16400  0.64  0.99  0.3  340  45 Z 
16000  6.06  0.99  0.41  842  15 Z  16402  0.28  0.99  0.32  366  27 Z 
16001  -0.56  0.98  0.42  881  11 Z  16410  -8.16  0.93  0.86  725  14 Z 
16003  0.92  0.98  0.45  1125  15 Z  16411  8.67  0.88  0.97  726  14 Z 
16015  7.15  0.93  0.59  869  13 Z  16412  1.89  0.98  0.33  367  17 Z 
106005  -1.56  0.99  0.32  1120  35 H  16420  1.55  0.98  0.42  1436  31 Z 
106567  -29.32  0.89  2.05  1605  18 H  16421  1.25  0.98  0.44  1443  12 Z 
111674  35.72  0.87  1.36  900  35 H  16500  -0.55  0.99  0.27  375  45 Z 
111682  7.16  0.98  0.4  1070  35 H  16510  -1.19  0.91  0.78  543  19 Z 
111708  19.74  0.99  0.47  745  35 H  16511  2.2  0.92  0.78  530  15 Z 
111724  5.71  0.99  0.4  1050  35 H  19200  -1.57  0.91  0.89  303  23 Z 
111732  4.74  0.88  1.4  1260  35 H  19201  0.25  0.92  0.88  303  14 Z 
112508  3.84  0.87  1.14  950  32 H  19204  -1.38  0.92  0.69  269  2 Z 
123158  13.5  0.89  0.99  810  31 H  19205  -1.46  0.9  0.76  323  7 Z 
1065001  -7.02  0.91  1.1  980  8 H  101063  2.55  0.97  0.46  350  6 H 
1231581  17.12  0.93  0.89  810  5 H  105080  -4.27  0.67  1.08  228  1 H              

110890  -1.2  0.9  0.8  306  35 H              
110908  2.87  0.86  0.95  240  35 H              
110916  2.83  0.98  0.48  922  35 H              
110932  1.74  0.98  0.41  690  35 H              
110999  0.81  0.99  0.3  350  35 H              
111005  -0.02  0.99  0.28  285  35 H              
111054  0.62  0.99  0.29  450  35 H              
111062  1.01  0.99  0.25  330  35 H              
111088  6.36  0.88  0.88  240  35 H              
111187  4.32  0.85  0.95  374  35 H              
111195  4.93  0.98  0.31  250  35 H              
111203  1.17  0.98  0.34  260  35 H              
111229  14.92  0.84  1.02  200  35 H              
111294  -1.93  0.89  0.85  260  31 H              
111302  5.89  0.9  0.87  350  31 H              
111310  5.64  0.88  0.89  420  31 H              
111328  8.64  0.89  1.17  1038  31 H              
111344  -1.68  0.93  0.63  275  29 H              
111369  10.51  0.89  1.04  702  25 H              
111393  0.88  0.9  0.89  525  22 H              
111401  9.39  0.89  1.18  1070  18 H              
111419  2.22  0.9  0.79  303  16 H              
111435  -1.25  0.91  1.13  1020  16 H              
111443  7.53  0.93  0.62  355  14 H              
111450  3.33  0.91  0.71  230  13 H              
111476  0.77  0.86  0.93  415  9 H 

(continued on next page) 
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Table A.4 (continued ) 

Wölzerbach Raab 

Station PBIAS (%) CORR MAE (mm/day) Height(m a.s.l.) Duration (Years) Operator Station PBIAS (%) CORR MAE (mm/day) Height(m a.s.l.) Duration (Years) Operator              

111484  5.4  0.89  0.74  265  9 H              
112003  1.12  0.99  0.27  560  35 H              
112037  0.98  0.99  0.26  420  32 H              
112045  0.97  0.9  0.95  670  34 H              
112078  0.52  0.91  0.85  386  35 H              
112086  -0.6  0.98  0.35  360  35 H              
112383  1.45  0.9  0.92  350  35 H              
112391  -0.1  0.99  0.24  270  35 H              
112409  1.33  0.95  0.64  220  35 H              
112425  1.9  0.98  0.32  360  35 H              
112433  3.18  0.91  0.84  380  31 H              
112441  0.84  0.98  0.34  200  35 H              
112466  1.35  0.82  1.18  370  35 H              
112516  4.63  0.94  0.79  256  31 H              
112540  11.48  0.89  1.04  648  28 H              
112565  31.31  0.88  1.26  665  28 H              
112664  -4.5  0.95  0.6  288  25 H              
112847  3.11  0.92  0.75  460  15 H              
112862  2.47  0.94  0.67  390  15 H              
123042  11.26  0.92  0.83  610  12 H              
123075  4.76  0.89  1.01  520  10 H              
123083  5.57  0.93  0.71  400  10 H              
123117  1.54  0.9  0.96  680  9 H  
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