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Abstract. Continuous high-quality meteorological information is needed to describe and understand extreme hydro-climatic

events, such as droughts and floods. Information of highest quality relying on observations is often only available on a national

level and for few meteorological variables. As an alternative, large-scale climate reanalysis datasets blending model simulations

with observations are often used. However, their performance can be biased due to coarse spatial resolution, model uncertainty,

and data assimilation biases. Previous studies on the performance of reanalysis datasets either focused on the global scale,5

on single variables, or on few aspects of the hydro-climate. Therefore, we here conduct a comprehensive spatio-temporal

evaluation of different precipitation, temperature and snowfall metrics for four state-of-the-art reanalysis datasets (ERA5,

ERA5-Land, CERRA, and CHELSA-v2.1) over complex terrain. We consider climatologies of mean and extreme climate

metrics, daily to inter-annual variability, as well as the consistency in long term trends. Further, we compare the representation

of extreme events, namely the intensity and severity of the 2003 and 2018 meteorological droughts, as well as the 1999 and10

2005 heavy precipitation events that triggered flooding in Switzerland. The datasets generally show a satisfactory performance

for most of these characteristics, exceptions being the representation of snowfall (solid precipitation) and the number of wet

days in ERA5 and ERA5-Land. Our results show clear differences in the representation of precipitation among datasets and

a substantial improvement of the representation of precipitation in CERRA compared to the other datasets. In contrast to

precipitation, temperature is more comparable among datasets, with CERRA and CHELSA showing smaller biases yet a15

clear increase of bias with elevation. All datasets are able to identify the 2003 and 2018 drought events, however, ERA5,

ERA5-Land, and CHELSA overestimate their intensity and severity, while CERRA underestimates it. The 1999 and 2005

floods are overall well represented by all datasets, with CERRA showing the best agreement with observations and the other

datasets overestimating the spatial extent of the events. We conclude that overall, CERRA is the most reliable dataset and

suitable for a broad range of analyses, particularly for regions where snow processes are relevant and for applications where20

the representation of daily to inter-annual precipitation variability is important.
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1 Introduction

Continuous and high-quality gridded meteorological datasets are crucial to describe, understand and monitor extreme hydro-

climatic events, such as droughts and floods. However, identifying suitable meteorological datasets for hydrological applica-

tions is challenging, especially over complex terrain, where climate is influenced by orographic effects (Napoli et al., 2019)25

and only few observational stations providing high-quality information are available. Many different types of datasets exist

ranging from gauge-based data, gridded products interpolated from these station data, to satellite-derived products, reanalysis

products, and products that merged information from multiple sources (Roca et al., 2019; Vidal et al., 2009; Soci et al., 2016).

Among these, gauge-based and interpolated observations are often seen as ’ground truth’ or benchmark (Sun et al., 2018) and

still offer the best source of meteorological data for hydrological modelling (Tarek et al., 2020), especially in regions with30

dense station networks and long homogeneous records. Such gridded observation-based products provide temperature and

precipitation fields by spatially interpolating point information from measurement stations onto a grid using different deter-

ministic interpolation schemes of varying complexity (e.g., Hofstra et al., 2008; Daly et al., 2008; Rauthe et al., 2013; Frei,

2013). While of high quality, these observation-based products are often only available on the national level (e.g., Frei, 2013;

Krähenmann et al., 2016), or for some trans-boundary catchments (e.g., Rauthe et al., 2013; Lussana et al., 2019; Isotta et al.,35

2013), and most of them are only available for a limited number of meteorological variables (i.e., precipitation and/or tem-

perature). However, consistent data across larger scales and for multiple variables are desirable, as droughts and floods often

extend across large regions. Reanalysis datasets, unlike purely observation-based datasets, are available over larger domains

and provide physically consistent information on multiple variables including precipitation and temperature (e.g., Hersbach

et al., 2020; Gelaro et al., 2017).40

Reanalysis datasets are based on numerical models (Dee et al., 2014) with the goal to create a realistic representation of

the atmospheric, ocean, and land-surface states of the past. Reanalysis systems include different schemes of data assimila-

tion of various observed surface and atmospheric conditions (e.g., pressure, humidity, temperature and wind) to constrain the

simulations to the large-scale observed earth system states (Hersbach et al., 2020; Ridal et al., 2024). For example, in the

case of a large-scale drought event caused by a stable high-pressure system, the reanalysis system will simulate a compa-45

rable blocking-type weather regime thanks to assimilated pressure and wind fields, but will simulate associated patterns of

precipitation anomalies as a response to the modelled system states. Given that for example relevant precipitation processes

are unresolved on coarse model scales and hence depend on the internal model structure and implemented physical equations

(i.e., parameterization), they will suffer from model uncertainties. Therefore, simulated precipitation and temperature fields

can clearly differ from local observations and vary greatly across different reanalysis datasets relying on different modeling50

systems (Alexander et al., 2020; Sun et al., 2018).

As it is computationally expensive to run reanalyses for the continental and global scale, large-domain simulations often

come at the cost of limited spatial resolution. The current generation of the most widely used global reanalysis datasets has

spatial resolutions between 31 and 60 km and includes the fifth-generation European Centre for Medium-Range Weather

Forecasts (ECMWF) reanalysis dataset (ERA5, ≈31 km; Hersbach et al., 2020), the Modern-Era Retrospective analysis for55
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Research and Applications, Version 2 (MERRA-2, ≈50 km; Gelaro et al., 2017), and the Japanese 55-year Reanalysis (JRA-55,

≈79 km; Kobayashi et al., 2015). Because of their coarse spatial resolution, these datasets fail to deliver information at impact-

relevant scales. To provide higher-resolution climate information and to better represent water and energy cycles over land,

the ECMWF has produced an offline land-surface model simulation forced with bilinearly interpolated atmospheric fields

from ERA5, resulting in the ERA5-Land dataset at ≈ 9 km spatial resolution (Muñoz-Sabater et al., 2021). At continental60

scales, even higher-resolution regional reanalysis products can be produced by dynamically downscaling global reanalysis

information over a limited area with or without an additional data assimilation scheme (Bollmeyer et al., 2014). Thereby, the

regional reanalysis system is one-way nested within the global reanalysis, which means that the global reanalysis delivers the

large-scale boundary and initial conditions for the higher resolution numerical model over the target region. Examples for such

regional reanalysis products include the Copernicus European Regional Reanalysis (CERRA) at 5.5 km horizontal resolution65

(Ridal et al., 2024) and the COSMO-REA6 from the German Weather Service at 6 km resolution (Bollmeyer et al., 2014).

Because many applications require even higher resolution data (Karger et al., 2023; Brun et al., 2022; Willkofer et al., 2020),

there are many efforts to statistically downscale global reanalysis datasets in a physically meaningful way, for example, the

Climatologies at High resolution for the Earth’s Land Surface Areas (CHELSA) datasets (Karger et al., 2017, 2021b), which

provide refined information at approx. 1 km resolution.70

The main advantage of global and regional climate reanalyses is that they provide continuous and physically consistent

time series of many surface and atmospheric variables across space and time for the past. Therefore, they are increasingly

used to study and model hydro-climatic extremes. The choice of a suitable dataset for a particular hydrological application

is not straightforward, owing to the wide range of available data products (by various provider) at different temporal and

spatial resolutions, with different spatial domains. Such a choice requires information on dataset performance with respect75

to key climatic variables, including temperature and precipitation. In other words, thorough comparisons between reanalysis

datasets and gridded observations are required, as both are used as climatic reference conditions in many different applica-

tions, including understanding the drivers of hydrological drought (e.g., Bakke et al., 2020; Brunner et al., 2023); tracking the

propagation of drought from the atmosphere to the hydrosphere (Brunner and Chartier-Rescan, 2024); simulating streamflow

with hydrological models to understand the risk of floods (e.g., Brunner and Fischer, 2022; Willkofer et al., 2020); analyz-80

ing elevation-dependent trends in mean and extreme precipitation across mountain regions (Ferguglia et al., 2024); evaluating

climate model performance and bias adjustment (e.g., Vautard et al., 2021; Tootoonchi et al., 2022).

There is ample evidence that the choice of a reanalysis dataset can influence the results and conclusions of hydrological

impact studies (e.g., Kotlarski et al., 2017; Gampe et al., 2019; Tarek et al., 2021). Therefore, several previous studies have

compared different sets of reanalysis datasets with respect to different climate characteristics. For example, Bandhauer et al.85

(2021) have evaluated ERA5 for precipitation in three mountain regions in Europe, and Lavers et al. (2022) for extreme precip-

itation for 5,637 precipitation stations quasi-globally. Both studies concluded that ERA5 has deficiencies in modeling precipi-

tation characteristics, such as means, wet day frequency and extremes, compared to high-resolution gridded observations and

station data. Gebrechorkos et al. (2024) assessed the value of ERA5-Land precipitation for streamflow simulations worldwide

concluding that ERA5-Land performs better than other datasets, but that there is not one single global precipitation dataset that90
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performed best in all catchments. Tarek et al. (2020) assessed the value of ERA5 in North American catchments showing that

ERA5 leads to improved hydrological performance compared to its predecessor ERA-Interim, but that observations remain the

best source of precipitation data for hydrological modelling. McClean et al. (2023) evaluated the capabilities of global reanal-

ysis products for flood risk modelling in river catchments in Northern England showing lower errors when using the higher

resolution ERA5-Land compared to coarser resolution reanalysis datasets. Dura et al. (2024) analyzed seven gridded precipi-95

tation products, among them ERA5-Land and CERRA-Land, for their suitability to estimate precipitation enhancement with

altitude in France. They found that ERA5-Land underestimates annual precipitation gradients for mid-range mountains and

even more in high-altitude regions, while CERRA-Land strongly correlates with annual observed precipitation, but is slightly

biased in some regions, and the bias may change the sign according to elevation. Monteiro and Morin (2023) compared ERA5,

ERA5-Land and CERRA-Land, among other datasets, concluding that CERRA-Land provides better performance in terms of100

snow depth and snow seasonality in the European Alps, than ERA5 and ERA5-Land.

Most of these existing studies evaluating reanalysis datasets focused on one specific aspect, for example the representation

of precipitation. In addition, they stratified their analyses into very large spatial units, for example the entire globe or mesoscale

catchments and regions, which can hide dataset differences. Further, only few of these studies provide information on reanal-

ysis dataset performance with respect to the representation of extreme events, daily to interannual variability, and temporal105

trends. Therefore, while all of these studies provide valuable insights with respect to certain climatic characteristics for specific

regions, it remains unclear how well different datasets perform in mountain regions in terms of temperature and precipitation

characteristics. However, a good performance in mountain regions is essential for climate monitoring as they are identified

as hotspots of climate and hydrological change (Adler et al., 2022). A thorough reanalysis dataset comparison is needed in

these regions because dataset performance may vary greatly depending on elevation (Monteiro and Morin, 2023; Dura et al.,110

2024). Furthermore, an accurate representation of both temperature and precipitation as well as their interplay is crucial in

these regions because it determines the partitioning of liquid and solid precipitation, and hence the build-up of snow storage.

Along the climate-hydrological modeling chain, a misrepresentation of either of these variables can lead to a misrepresentation

of hydrological extremes including floods and droughts. Therefore, the representation of all of these components is crucial for

many hydro-climatic impact studies in particular in regions with complex topography.115

To shed light on the question which reanalysis products are most suitable for hydrological impact studies in the mountain

regions of Europe, we compare four state-of-the-art and widely used global and regional reanalysis datasets with gridded ob-

servations with respect to different climate variables that are crucial to describe hydrological behavior, namely temperature and

precipitation. We focus our analysis on Switzerland because it shows a large climatic gradient owing to its complex topogra-

phy, and because high-quality observation-based gridded datasets are available for benchmarking. In order to account for the120

variety in available reanalysis datasets, we compare the global ERA5 reanalysis dataset, its higher-resolution version over land

(ERA5-Land), the regional reanalysis dataset for Europe (CERRA), and a statistically downscaled global reanalysis dataset

(CHELSA). We evaluate these datasets by quantifying differences between model simulations and gridded observations for

different climate metrics including mean and extreme climate metrics (Sect. 4.1, 4.2); precipitation and temperature variabil-

ity across various temporal scales (Sect. 5.1); the consistency in long-term trends (Sect. 5.2); snowfall estimates as a result125
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of precipitation-temperature dependence (Sect. 4.3); and the spatial and temporal representation of observed severe droughts

(Sect. 6.1), and heavy precipitation events which led to flooding in Switzerland (Sect. 6.2).

2 Datasets

For our reanalysis dataset comparison, we use temperature and precipitation data from four reanalysis products as well as two

gridded observational datasets as our benchmark (Table 1). We limit our comparison to the period 1986–2020, based on the130

dataset with the shortest temporal coverage, i.e. the Copernicus European Regional ReAnalysis (CERRA). Although some

reanalysis products provide data at sub-daily time resolution, the comparison is performed at a daily resolution, which is the

resolution of the observational benchmark dataset. As the datasets provide climate information at various grid resolutions and

grid specifications, we quantify dataset differences based on catchment averages (Figure 1).

2.1 Gridded observations135

We use two gridded observational products from the Swiss Federal Office of Meteorology and Climatology (MeteoSwiss) as

our benchmark products. These products use daily observations from measurement stations, which are spatially interpolated

onto a 75 arcsec grid (≈ 2 km) over Switzerland. We use daily mean temperature (TabsD), which is based on data from 90 high-

quality stations (MeteoSchweiz, 2021b; Frei, 2013) and precipitation (RhiresD), which provides total precipitation over a day

starting from 06:00 UTC and is based on data from 650 measurement stations (MeteoSchweiz, 2021a; Schwarb, 2000). Here,140

these gridded MeteoSwiss products serve as a purely observation-based reference for the comparison of reanalysis datasets.

2.2 Reanalysis datasets

We selected the newest generation of reanalysis products at high resolution, that is, the ERA5 suite (i.e. ERA5 and ERA5-Land)

and two of its derivatives (CERRA and CHELSA). The datasets CERRA and CHELSA were chosen as they are expected to145

soon be extended back in time offering a valuable tool at even higher resolution. We chose to exclude other widely used global

reanalysis products (i.e., MERRA2 or JRA-55) as they are only available at very coarse spatial resolution (>50 km).

2.2.1 ERA5 and ERA5-Land

We use two reanalysis datasets from the ERA5 product family, namely, ERA5 and ERA5-Land. ERA5 is a global reanalysis

dataset produced by the European Centre for Medium-Range Weather Forecasts (ECMWF) with a spatial resolution of 31 km150

and hourly temporal resolution (Hersbach et al., 2020). It is the coarsest resolution dataset that we consider. ERA5 is created

with the Integrated Forecasting System Cy41r2 and covers the period from 1940 until the present. ERA5-Land uses linearly in-

terpolated atmospheric forcing from ERA5 data to run the CHTESSEL (Carbon Hydrology-Tiled ECMWF Scheme for Surface

Exchanges over Land) land surface model at a spatial resolution of 9 km (Muñoz-Sabater et al., 2021). The dataset provides

improved and additional land surface variables (e.g., soil moisture, snow, or hydrological variables) compared to ERA5. The155
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Table 1. Overview of the datasets used in this study.

Dataset Type Spatial

Resolution

Spatial Coverage Temporal

Coverage

Reference

ERA5 Reanalysis 31 km Global 1940 -

present

Hersbach et al. (2020)

ERA5-Land Reanalysis 9 km Global 1940 -

present

Muñoz-Sabater et al.

(2021)

CERRA(-Land) Reanalysis 5.5 km Europe mid 1984 -

mid 2021

(Schimanke et al., 2021;

Verrelle et al., 2022)

CHELSA Downscaled

reanalysis

30 arcsec (≈

1 km)

Global 1979-present Karger et al. (2023)

TabsD / RhiresD Gridded

observations

75 arcsec (≈

2 km)

(Hydrological)

Switzerland

1961-present (MeteoSchweiz, 2021a, b)

CAMELS-CH Catchment

outlines and

elevations

Hydrological

Switzerland

Höge et al. (2023b)

ERA5-Land precipitation data are provided as linearly interpolated fields from ERA5 without any adjustments – by linear

interpolation onto the ERA5-Land grid (Muñoz-Sabater et al., 2021)– and accumulated to 24 hours, whereas ERA5-Land tem-

perature data were interpolated and adjusted by daily lapse rates to account for the altitude differences between the ERA5 and

ERA5-Land grids (Dutra et al., 2020; Muñoz-Sabater et al., 2021), and are provided at an hourly time step.

160

2.2.2 CERRA

In addition to the two global reanalyses products, we use the Copernicus European Regional ReAnalysis (CERRA), which is

provided for Europe for the period from mid-1984 until mid-2021. The CERRA reanalysis system comprises multiple datasets,

from which we use the CERRA high-resolution dataset (Schimanke et al., 2021; Ridal et al., 2024) at 5.5 km resolution and

3-hourly temporal resolution for temperature, and the CERRA-Land dataset (Verrelle et al., 2022) for precipitation at 5.5 km165

resolution and daily accumulation. CERRA is a classic reanalysis system based on the HARMONIE-ALADIN model (Bengts-

son et al., 2017; Termonia et al., 2018), which utilizes data assimilation for the atmosphere and surface. Since it is a regional

reanalysis system, it requires lateral boundary conditions, which are based on ERA5 model simulations (Ridal et al., 2024).

CERRA-Land is a standalone simulation of the land surface model SURFEX v8.1 which delivers additional land surface vari-

ables. SURFEX is driven by atmospheric variables from the CERRA high-resolution simulations and uses precipitation from170
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the regional precipitation analysis system MESCAN (Soci et al., 2016; Ridal et al., 2024). The MESCAN regional precipita-

tion analysis system uses precipitation fields from the CERRA simulations as a first guess and incorporates additional in-situ

observational rain gauge data through optimal interpolation (Soci et al., 2016). Because of this additional precipitation data

assimilation, we use the CERRA-Land precipitation product instead of the CERRA product. We will refer to this dataset com-

posed of CERRA temperature and CERRA-Land precipitation as CERRA.175

2.2.3 CHELSA

The Climatologies at High resolution for the Earth’s Land Surface Areas (CHELSA) products are statistically downscaled ver-

sions of large-scale reanalysis datasets to a high resolution 30 arcsec grid (≈ 1km at the equator) (Karger et al., 2017, 2021b, 2023).

Here, we use precipitation and temperature data from CHELSA version 2.1 (Karger et al., 2023, 2021a), which is based on a180

statistical downscaling of the W5E5 global reanalysis dataset (original spatial resolution of 0.5 degrees) (Cucchi et al., 2020).

W5E5 is a bias-adjusted version of ERA5 over land. The CHELSA high-resolution temperature data are based on an atmo-

spheric lapse-rate downscaling (Karger et al., 2017), considering differences in the orography between the 30 arcsec CHELSA

topography –based on the global multi-resolution terrain elevation data GMTED2010 (Danielson and Gesch, 2011)– and the

W5E5 topography, and lapse rates determined for different atmospheric pressure levels in ERA5. The precipitation data are185

based on a downscaling algorithm which uses spatial wind fields and boundary layer thickness to account for orographic wind

effects (Karger et al., 2021b). The precipitation fluxes are thereby preserved at the 0.5° grid of the parent W5E5 dataset.
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(A)

(B)

Figure 1. Mean annual climatology for 1986–2020 for the five datasets at their original grid resolution. (A) Mean annual precipitation for

gridded observations, ERA5 reanalysis, ERA5-Land reanalysis, CERRA reanalysis, and CHELSA reanalysis (upper left to bottom right pan-

els). (B) Mean annual temperature for the five datasets. Plots are overlaid with the outline of the 97 headwater catchments of the CAMELS-CH

dataset (solid) and the Swiss country borders (dotted). The observations in (A) and (B) are further overlaid with the catchment outlets (solid

dots).
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2.3 Catchments CAMELS-CH

For the calculation of catchment averages, we rely on catchment delineations from the CAMELS-CH dataset (Catchment190

Attributes and MEteorology for large-sample Studies - Switzerland; Höge et al. (2023b)). CAMELS-CH is a large sample

hydro-meteorological dataset providing catchment outlines and static attributes for 331 catchments in Switzerland and neigh-

boring countries (i.e., hydrological Switzerland). We limit the analysis to 97 non-overlapping headwater catchments within

the political borders of Switzerland. While all reanalysis datasets have data beyond the borders of Switzerland, the gridded

temperature observations are limited to political Switzerland. For the analysis of elevation dependence, we use catchment el-195

evation from the CAMELS-CH dataset. The selected catchments cover the three elevation bins low (≤ 1000m, n=32), mid

(1000–2000m, n=36), and high (> 2000m, n=29) with a comparable number of catchments in each bin.

3 Methods

To describe and identify the most important differences between datasets, we compare the four reanalysis datasets to the gridded

observations for a broad range of precipitation, temperature, and snowfall metrics calculated (Sect. 3.1) at the catchment200

level. First, our comparison focuses on both absolute and relative differences between the climate metrics derived from the

reanalysis datasets and those derived from the gridded observations. Second, we use these climate metrics to analyze the

temporal consistency of precipitation and temperature variability (Sect. 3.2.1) as well as the consistency in long-term trends

(Sect. 3.2.2). Last, we use catchment time series of precipitation to compare the spatial and temporal representation of two

severe droughts (2003 and 2018), and two heavy precipitation events, which led to severe floods in Switzerland (1999 and205

2005) (Sect. 3.3).

To calculate metrics on the catchment level, we use two complementary approaches: a time series-based approach, which

first calculates time series of daily catchment averages before calculating the metric of interest; and a metric-based approach,

which first calculates the metric of interest on the native dataset grid before averaging the metric over the catchment. The time

series-based perspective provides information about the average state of the catchment from a hydrology perspective, while the210

metric-based perspective allows us to compare the average behavior of the index at the catchment scale.

3.1 Climate metrics

First, we compare general climatic characteristics, such as long-term mean daily precipitation and temperature at annual and

seasonal scales, which are based on catchment-average time series of daily precipitation and temperature (i.e. time series-

based approach). To compare dataset differences, we calculate relative (%, precipitation metrics) and absolute differences (°C,215

temperature metrics) between the metrics of the reanalysis and gridded observations for each catchment. Further, we check

whether these differences are elevation dependent, i.e. vary with catchment elevation.

Second, we calculate a selection of univariate annual extreme and non-extreme precipitation and temperature metrics, based

on the metric-based approach. To describe non-extreme precipitation characteristics, we consider the annual number of wet
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days (wetdays) within a year. To describe extreme precipitation characteristics, we use the annual maximum accumulated220

precipitation over 1-day (Rx1d), 2-days (Rx2d), and 5-days (Rx5d), and the fraction of total annual accumulated precipitation

falling on very wet days (R99pTot). To describe temperature, we consider the annual number of cold days (colddays), the

annual maximum of daily mean temperature (tg_max), and the annual minimum of daily mean temperature (tg_min). All

above metrics are based on a calender year (Jan-Dec).

Last, we compare the datasets with respect to their representation of snowfall (i.e., solid precipitation), which is influenced225

by the interdependence of precipitation and temperature. While ERA5, ERA5-Land and CERRA explicitly represent snow,

CHELSA and observations do not. Therefore, we consistently approximate the snowfall using a common temperature threshold

for all reanalysis datasets and the observations. We separate precipitation into liquid and solid precipitation using 0°C as a

threshold, with liquid precipitation and solid precipitation falling above and below 0°C, respectively. Our analysis focuses

on the representation of total accumulated solid precipitation (solidprcptot) and the fraction of solid to total accumulated230

precipitation (liquid+solid) – both computed for the hydrological year (October-September) and following the metric-based

approach.

A complete list of the metrics used for the comparison and their definitions are provided in Table 2. All climate metrics were

calculated with the xclim python package (Bourgault et al., 2023b).

3.2 Temporal consistency235

3.2.1 Daily to annual variability

To compare the temporal consistency, we analyze the representation of daily, monthly, seasonal, and inter-annual temperature

and precipitation variability. We define variability as the standard deviation of daily, monthly, and annual anomalies. Anomalies

(absolute anomalies (K) for temperature, relative anomalies (%) for precipitation) are computed using the 1986-–2020 clima-

tology of each dataset. Daily anomalies are calculated for each day of the year with a 30-day window centered on the day of240

interest for the climatology quantification. For monthly anomalies, we first calculate monthly means and then calculate anoma-

lies based on the monthly climatology. Similarly, seasonal anomalies are calculated for winter (DJF), spring (MAM), summer

(JJA), and fall (SON). Annual anomalies are based on annual means or extreme metrics (i.e., Rx1d, Rx5d, tg_max, tg_min)

and their respective annual climatology. To compare datasets, we calculate relative (%, precipitation metrics) and absolute

differences (K, temperature metrics) between the variability of the reanalysis and gridded observations for each catchment.245

3.2.2 Trends

Next, we analyze the consistency of the presence of significant long-term trends and their trend magnitudes in various metrics

across the different datasets and assess how well trends in the reanalysis match observed trends. For trend significance, we apply

the Mann-Kendall test (Mann, 1945; Kendall, 1975) using 0.05 as the significance level. Further, as trends in precipitation are

typically masked by large internal variability (Wood and Ludwig, 2020; Wood, 2023), we additionally consider trends as250

weakly significant if the p-value lies between 0.05 and 0.1. Trends with p-values above 0.1 are considered non-significant and
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Table 2. Definition of precipitation and temperature metrics

Acronym Metric name Definition Unit

Precipitation

(univariate)

prcptot Total accumulated precipitation Total accumulated precipitation (liquid & solid) mm

Pmean Annual mean daily precipitation Annual mean of daily mean precipitation mm

Rx1d Maximum 1-day precipitation Annual maximum 1-day accumulated

precipitation amount

mm

Rx2d Maximum 2-day precipitation Annual maximum 2-day accumulated

precipitation amount

mm

Rx5d Maximum 5-day precipitation Annual maximum 5-day accumulated

precipitation amount

mm

R99pTot Fraction of precipitation due to

extremely wet days

Fraction of total annual precipitation amount due

to wet days with daily precipitation >99th

percentile

%

wetdays Number of wet days Number of wet days per year with daily

precipitation ≥ 1mm/d

days

Precipitation

(multivariate)

solidprcptot Total accumulated solid

precipitation

Total accumulated solid precipitation

approximated by precipitation on days with

daily mean temperature below 0°C

mm

liquidprcptot Total accumulated liquid

precipitation

Total accumulated liquid precipitation

approximated by precipitation on days with

daily mean temperature above 0°C

mm

solidprcpratio Fraction of solid precipitation to

total precipitation

The fraction of solidprcptot to prcptot. %

Temperature

(univariate)

tg_max Maximum of daily mean

temperature

Annual maximum of daily mean temperature °C

tg_min Minimum of daily mean

temperature

Annual minimum of daily mean temperature °C

Tmean Annual mean daily temperature Annual mean of daily mean temperature °C

colddays Number of cold days Number of days with daily mean temperature ≤

0 °C

days
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are labeled as no trend. The trend magnitude and sign are estimated using the Theil-Sen slope estimator (Sen, 1968). To assess

the spatial consistency of trends, we compare the trends of each reanalysis dataset with the trends in observations and test for

each catchment whether the two datasets agree on the significance and sign of the trend. We label the test as true when both

datasets show a significant trend and the same sign or when both datasets show no significant trend. The test is labeled false255

when either the observations show a significant trend and the reanalysis dataset shows no trend or vise versa, or when both

datasets show a significant trend but they don’t agree on the sign.

3.3 Extreme event analysis

Last, we compare the reanalysis datasets with respect to their ability to represent observed extreme events. Specifically, we

analyze the consistency among the datasets for two distinct extreme event types, meteorological droughts and extreme precipi-260

tation. We compare the spatial and temporal representation of the droughts in 2003 and 2018 as well as the extreme precipitation

events that triggered floods in 1999 and 2005 in Switzerland. For both event types, we compare the severity — expressed by

standardized precipitation values — and the intensity of the events, expressed by cumulative 6-month precipitation deficits (for

droughts) or 2-day precipitation sums (for extreme precipitation).

3.3.1 Meteorological drought265

In the summers of 2003 and 2018, Switzerland was affected by severe drought conditions (Brunner et al., 2019). In 2003, the

drought resulted in largely reduced streamflow in the Rhine (-46% of normal summer flow) and in the Aare catchments (-38%)

(Zappa and Kan, 2007). In 2018, Switzerland on average only received 57% of its normal precipitation amount between April

and September (MeteoSchweiz, 2019).

We analyze differences in the drought intensity between datasets by comparing the cumulative precipitation deficits from270

March until August in 2003 (2018). Deficits are differences to the long-term mean of cumulative sums (March-August) in

1986–2020. The severity of the events is compared based on the widely used Standardized Precipitation Index (SPI) for a

6-month accumulation period (March-August), which we computed by transforming the 6-month sums to the standard normal

distribution using the Gamma distribution (Lloyd-Hughes and Saunders, 2002; Stagge et al., 2015). The reference for the SPI-6

are all 6-month sums (March-August) in the period 1986–2020.275

3.3.2 Extreme precipitation

In May 1999 and August 2005, Switzerland was affected by multiple extreme precipitation events, which triggered severe

flooding in different parts of Switzerland. For the May 1999 flood, we compare two precipitation events which occurred within

10 days of each other (11–12 May and 21–22 May) and caused flooding in the Swiss Midlands (Hilker et al., 2009). For the

August 2005 flood, we compare the single two-day precipitation event on 21–22 August, which affected the northern slopes of280

the Swiss Alps and caused widespread flooding in Central Switzerland and the Bernese Oberland (Beniston, 2006; Hilker et al.,

2009). Similar to the drought analysis, we compare the representation of these events in terms of their intensity and severity.

12



The intensity is defined as the 2-day precipitation sum during each of the events and the severity is described using standardized

precipitation. In contrast to the SPI-6 calculation for droughts, we apply standardization to all 2-day rolling precipitation sums

in May or August. In order to also include extreme events from the adjacent months, we include +/- 15 days of the previous/past285

month to the rolling window calculation. Here, we fitted a generalized extreme value distribution prior to the transformation

to a standard normal distribution to retrieve the 2-day SPI values. Precipitation sums less then 1 mm were excluded from the

standardization to reduce the influence of the large number of zero precipitation days.

4 Mean and extreme precipitation and temperature climatology

4.1 Mean climatology290

The four reanalysis datasets differ only slightly in terms of their annual and seasonal precipitation and temperature climatology,

however, on the catchment level biases exist with respect to the observations (Figure 2). Simulated mean daily precipitation is

generally overestimated across catchments by most reanalysis datasets — except for CERRA showing median biases around

0%— both at an annual and seasonal time scale (Figure 2a). In general, precipitation biases don’t show a clear elevation

dependence, but can show slightly higher biases in lower and higher elevated catchments (see black markers in Figure 2a).295

In summer, all reanalysis datasets overestimate precipitation with respect to observations. The positive reanalysis biases are

more pronounced in catchments at high- and low-elevations (>2000 and ≤ 1000 m.a.s.l.), and less pronounced in catchments

at mid-elevations (1000-2000 m.a.s.l.) for all reanalysis datasets (Figure 2a and Figure S1).

In contrast, simulated mean daily temperature is generally slightly underestimated by most reanalysis datasets or matches

observations well and most datasets show comparable biases, except for ERA5 (Figure 2b). ERA5 generally has a warm bias300

–except for winter– while the other reanalyses have a slight cold bias of less than 1 °C (median bias). In winter, all reanalyses

show clear cold biases with median catchment biases of at least -1°C and have a strong elevation dependence with larger

biases at higher elevations (see Figure 2b (black markers)). ERA5 and CERRA show smaller winter biases (median) than the

other datasets. In summer, ERA5-Land, CERRA and CHELSA show small biases (median biases around 0 °C) across most

catchments, while ERA5 shows median biases of more than 1 °C with a clear elevation dependence (i.e. warmer biases with305

higher elevation). In the other seasons (spring and fall) and annually, ERA5 shows warm biases without a clear elevation

dependence and spatial pattern (Figure S2), while the other datasets show comparably small cold biases and partially larger

biases at higher elevations. CERRA and CHELSA generally show a pronounced dependence of biases with elevation (i.e.

higher biases at higher elevation) in most seasons with varying strength.
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Figure 2. Differences in mean daily precipitation and temperature at the annual and seasonal scale between the catchment means of the

reanalysis datasets and observations. Boxplots show differences at the catchment level of (a) precipitation (relative in %) and (b) temperature

(absolute in °C) for the entire year (all) and the four meteorological seasons (winter: Dec–Feb, spring: Mar–May, summer: Jun–Aug, fall:

Sep–Nov). Boxplots are overlaid with median catchment biases by elevation bin (high: > 2000 m (triangle), mid: 1000–2000 m (square),

low: ≤ 1000 m (circle)). Grey shading indicates biases of +/- 10 % (a) and +/- 1 °C (b). Whiskers of the boxplots show min/max.

4.2 Extreme climatology310

While reanalysis datasets only slightly vary in terms of mean climatology, they can substantially differ for certain extreme

metrics, meaning that some products show stronger biases compared with observations than others (Figure 3). These biases are

strongest for extreme precipitation metrics, namely, mean annual maximum 1-day precipitation (Rx1d; Figure 3a), fraction of

total precipitation related to very wet days (R99pTot; Figure 3b), and mean number of wet days per year (wetdays; Figure 3c).

All of these metrics are on average under- or overestimated by all reanalysis products, except by CERRA showing lower biases,315

across all catchments. Rx1d, Rx5d, and R99pTot are underestimated by ERA5, ERA5-Land, and CHELSA across all elevation

zones (Figure 3a-c, S3 and S4) as precipitation is distributed across too many days with moderate precipitation intensity in all

of these products, especially in catchments at higher elevations (Figure 3d, S5). In contrast, CERRA captures both precipitation

intensity (Rx1d and R99pTot) and the number of wet days well on average across all catchments, with slightly higher dry biases

but too many wet days in high-elevation catchments (Figures 3, S3, S4, and S5).320

Biases in extreme temperature indicators are much less pronounced across all catchments and datasets than those related to

extreme precipitation metrics (Figure 3e–h). Mean annual maximum daily temperature is slightly overestimated by ERA5 with

larger biases at high elevations, and is underestimated by the other datasets. CERRA shows larger biases at higher elevations,

while the biases of the other two datasets are less related to elevation (Figure 3 and S6). ERA5 and ERA5-Land show a

large spread of positive (low elevation) and negative (high elevation) biases in mean annual minimum daily temperatures.325

CERRA and CHELSA generally underestimate tg_min, especially at high elevations (Figure 3f, S7). The number of cold

14



days is underestimated by ERA5 and overestimated by ERA5-Land, CERRA and CHELSA, with generally larger biases in

high-elevation catchments (Figure 3g, S8).

Figure 3. Differences in selected precipitation (a–d) and temperature (e–g) metrics between the catchment means of the reanalysis datasets

and observations. Boxplots show differences at the catchment level for: (a) Rx1d (relative in %), (b) Rx5d (relative in %), (c) R99pTot

(absolute in %pts), (d) wetdays (absolute in days), (e) tg_max (absolute in °C), (f) tg_min (absolute in °C), and (g) colddays (absolute in

days). Boxplots are overlaid with median catchment biases by elevation bin (high: > 2000 m (triangle), mid: 1000–2000 m (square), low: ≤

1000 m (circle)). Whiskers of the boxplots show min/max.

4.3 Solid precipitation

The fraction of solid to total precipitation and the total amount of solid precipitation are best represented by CERRA and330

CHELSA, which show high agreement with observations, especially in catchments below 1500 m. Thereby, the biases in

CERRA seem to be catchment-specific, while CHELSA shows a slight overestimation of solid precipitation with elevation.

ERA5 generally underestimates both the fraction and total amount of snowfall with a clear increase in biases with elevation,

while ERA5-Land clearly overestimates solid precipitation at all elevations.

The estimated fraction of solid to total (liquid + solid) precipitation from observations increases linearly from up to 10% in335

the low-elevation catchments (≤ 1000 m.a.s.l) to 40% and more in the high-elevation catchments (≥ 2000 m.a.s.l) and up to

70% in the highest catchments above 2500 m (Figure 4e). Analogously, the total amount of solid precipitation increases from

on average of less than 100 mm per year in the low-elevation catchments to above 1250 mm in the high-elevation catchments

(Figure 4e). ERA5 generally underestimates the fraction of solid precipitation and shows a clear increase in the bias from lower

biases at lower elevations (up to 10 percentage points) to larger biases of up to 20 percentage points at higher elevations (Figure340

4a). Such elevation dependence — although reversed — is also apparent when looking at the relative biases in the mean annual

amount of solid precipitation with a clear underestimation of up to 100% in the low-elevation catchments and up to 50% in

the middle- to high-elevation catchments (Figure 4a, coloring of dots). In contrast, ERA5-Land overestimates the fraction of

solid precipitation by 10-20 percentage points with no clear elevation bias (Figure 4b). As a result, the total amount of solid

15



precipitation is largely overestimated by ERA5-Land, especially at lower elevations (>100% dark purple) compared to higher345

elevations (25-75%, blues). This difference between ERA5 and ERA5-Land is also apparent when looking at the number of

cold days, which is overestimated by ERA5-Land but not by ERA5 (Figure 3). CERRA and CHELSA show small biases for

the estimated fraction of solid precipitation compared to the estimated fraction in observations, especially at low elevations.

Both datasets show slightly larger biases with increasing elevation, but remain well below the biases of ERA5 and ERA5-

Land. While CERRA shows no clear elevation dependence for an over- or underestimation of the fraction of solid precipitation350

–differences rather seem to be catchment dependent–, CHELSA shows slightly larger biases in catchments above 1500 m. The

biases in the total amount of solid precipitation are comparably low in CERRA and vary between over- and underestimation

depending on the catchment. CHELSA also shows good agreement with respect to the fraction of solid precipitation with very

low differences at lower elevations and slightly larger biases at higher elevations. CHELSA generally overestimates the total

amount of solid precipitation by up to 75%.355

−0.3 −0.2 −0.1 0.0 0.1 0.2 0.3

500

1000

1500

2000

2500

3000

Ca
tc

hm
en

t e
le

va
tio

n 
[m

.a
.s.

l.]

(a) ERA5

−0.3 −0.2 −0.1 0.0 0.1 0.2 0.3

500

1000

1500

2000

2500

3000 (b) ERA5_Land

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Fraction of solidprcptot (OBS) [-]

500

1000

1500

2000

2500

3000 (e)

−0.3 −0.2 −0.1 0.0 0.1 0.2 0.3
Δ fraction of solidprcptot [-]

500

1000

1500

2000

2500

3000

Ca
tc

hm
en

t e
le

va
tio

n 
[m

.a
.s.

l.]

(c) CERRA

−0.3 −0.2 −0.1 0.0 0.1 0.2 0.3
Δ fraction of solidprcptot [-]

500

1000

1500

2000

2500

3000 (d) CHELSA

-100

-50

0

50

100

150

M
ea

n 
re

la
tiv

e 
di

ffe
re

nc
e

in
 so

lid
pr

cp
to

t [
%

]

0
100
200
300
400
500
750
1000
1250
1500

M
ea

n 
an

nu
al

 so
lid

pr
cp

to
t [

m
m

]

(a)-(d) (e)

Figure 4. Absolute differences in the fraction of solid (solidprcptot) to total precipitation (prcptot) (x-axes of (a)-(d)) and mean relative

difference in solidprcptot (coloring of dots in (a)-(d)) for the four reanalysis datasets [(a) ERA5, (b) ERA5-Land, (c) CERRA, (d) CHELSA]

compared to observations. Differences are plotted against the respective catchment mean elevation on the y-axis. (e) Shows the fraction of

solidprcpt to prcptot of the observations on the x-axis and the mean annual solidprcptot as dot colors. Solid precipitation is estimated in all

reanalysis datasets and observations by the same temperature threshold.
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5 Temporal consistency

5.1 Precipitation and temperature variability

The representation of precipitation variability is clearly best in CERRA across all timescales and seasons, while all other

datasets (ERA5, ERA5-Land, and CHELSA) underestimate precipitation variability (Figure 5). Daily variability is underesti-

mated by all reanalysis datasets with higher biases at higher elevations (Figure 5a). While ERA5, ERA5-Land, and CHELSA360

clearly underestimate daily variability, CERRA is closer to observations. The observations show a considerably higher spread

of variability across catchments than all of the reanalysis datasets. For monthly variability, CERRA shows very similar median

variability across catchments compared to observations (Figure 5b), but shows slightly larger biases at higher elevations. The

other datasets clearly underestimate variability and also show higher biases at higher elevations.

At the inter-annual timescale (Figure 5c), ERA5, ERA5-Land and CHELSA continue to underestimate precipitation variabil-365

ity –without any elevation dependence– and CERRA is again closest to observations (i.e. median biases). However, CERRA

overestimates variability in many catchments. If we look at the year-to-year variability in the different seasons (Figure 5d-

g), then the general picture prevails that ERA5, ERA5-Land and CHELSA underestimate variability while CERRA matches

observed variability well. CERRA shows median biases around zero in winter and spring, and only slightly underestimates vari-

ability in summer and fall. Only in fall CERRA shows an elevation dependent underestimation. The other reanalyses show a370

pronounced elevation dependent underestimation in winter and summer. Surprisingly, the inter-annual variability of the wettest

day of the year (i.e., Rx1d) is better represented by ERA5, ERA5-Land, and CHELSA (Figure 5h) than annual and seasonal

variability, especially because these datasets clearly underestimate the magnitude of Rx1d (see Figure 3a). CERRA is again

closer to observations, but also slightly underestimates variability. We find similar results for the variability of the maximum

5-day precipitation (Rx5d, Figure 5i).375
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Figure 5. Relative differences in daily to inter-annual precipitation variability at the catchment level of the respective variability metric in

the reanalysis dataset compared to the variability of the gridded observations. Boxplots with (a) daily, (b) monthly, and (c) inter-annual

precipitation variability. (d-i) Show inter-annual variability for different seasons [(d) DJF, (e) MAM, (f) JJA, (g) SON] and the extreme

metrics (h) Rx1d and (i) Rx5d. The different reanalysis datasets are indicated by the colors. Boxplots are overlaid with median catchment

biases by elevation bin (high: >2000 m (triangle), mid: 1000-2000 m (square), low: ≤1000 m (circle)). Individual panels can show different

scaling of the y-axis. Grey shading indicates biases of +/- 10 %.

In contrast to precipitation variability, all datasets are more consistent with observations regarding temperature variability

(Figure 6), especially on inter-annual timescales. ERA5, CERRA and CHELSA show comparable biases, while ERA5-Land

often shows larger negative biases. On daily to monthly time scales, all datasets show an underestimation of variability com-

pared to observations (Figure 6a–b). The inter-annual temperature variability is well represented by all datasets and only ERA5

and CHELSA show a slight overestimation of variability (Figure 6c). All reanalysis datasets agree with observations on the380

seasonal course of variability and show considerably lower biases –except for winter (Figure 6d–g). In winter, all datasets

underestimate temperature variability, with ERA5-Land showing the strongest underestimation. In spring, ERA5-Land also

clearly underestimates year-to-year variability, while all other datasets are comparable with observations (median biases around

0°C). In summer and fall, all datasets are more or less consistent with observations. Looking at the inter-annual variability of

the maximum (minimum) of daily mean temperature, all datasets are closer to observations on the warmest day (tg_max, Fig-385

ure 6h) than on the coldest day of the year (tg_min, Figure 6i), whose temperature is underestimated by all datasets. For the
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variability of the coldest day, all datasets show increasing biases with elevation and ERA5, ERA5-Land, and CHELSA show a

large spread of biases across catchments.

In summary, CERRA best represents precipitation variability across all temporal scales and seasons. ERA5, ERA5-Land,

and CHELSA feature similar precipitation variability that is considerably lower than in CERRA and observations. In contrast,390

all datasets are more consistent with observations in terms of temperature variability and no single datasets is clearly better

than the others. Only ERA5-Land shows generally lower temperature variability than observations and all other datasets. All

datasets show a better agreement for the variability of the warmest day of the year (tg_max) than for the coldest day (tg_min),

compared to observations.

Figure 6. Absolute differences in daily to inter-annual temperature variability at the catchment level of the respective variability metric in

the reanalysis dataset compared to the variability of the gridded observations. Boxplots with (a) daily, (b) monthly, and (c) inter-annual

temperature variability. d-i Show inter-annual variability for different seasons [(d) DJF, (e) MAM, (f) JJA, (g) SON]. and the extreme metrics

(h) tg_max and (i) tg_min. The different reanalysis datasets are indicated by the colors. Boxplots are overlaid with median catchment biases

by elevation bin (high: >2000 m (triangle), mid: 1000-2000 m (square), low: ≤1000 m (circle)). Individual panels can show different scaling

of the y-axis. Grey shading indicates biases of +/- 0.1 °C.

5.2 Trends395

The presence of significant trends and trend magnitudes in precipitation and temperature metrics are best represented by

CERRA, while the other datasets show inconsistent precipitation trends compared with observations. While CERRA shows
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the highest agreement with observed trends, it also tends to overemphasize the number of significant trends compared to

observations and the other reanalysis datasets. Over the period 1986–2020, the observations show a general decrease in annual

mean daily precipitation (Figure 7a), with approx. 20% of catchments showing significant (or weakly significant) trends (see400

Figure 7e, blue) and 80% of catchments showing no significant trend (see Figure 7e, grey). ERA5, ERA5-Land and CHELSA

show no significant negative trends in any catchment (Figure 7e). Therefore, they correctly identify all no trend catchments

according to observations (see Figure 7e, non hatched grey bar) and fail to represent trends for the 20% of the catchments

that do show significant trends according to observations (see Figure 7e, hatched blue bar). CERRA shows a general decrease

in mean precipitation over time, with significant trends being detected in many catchments. About 50% of the catchments405

with a significant observed decreasing trend also show significant trends in CERRA (Figure 7e). CERRA shows considerably

larger spread in trend magnitude across catchments than observations and the other reanalysis datasets. As a result, it shows

overall more catchments with significant trends (Figure S18) where observations show no trend which leads to an overall lower

percentage of catchments where CERRA and observations agree on the sign and significance of trends (see Figure 7e, number

above the bar). These results are also consistent on the seasonal scale (see Figure S9).410

The observed annual maximum 1-day precipitation sum (Rx1d) shows considerably larger spread in trend magnitudes across

all catchments compared to mean precipitation (Figure 7b). Depending on the catchment, we find positive or negative trends

in observed extreme precipitation. However, approx. only 20% of the catchments show a significant (or weakly significant)

decreasing trend in the observations (Figure 7f). ERA5, ERA5-Land and CHELSA again show only little agreement with

the significant trends in the observations (Figure 7f). They show a few individual catchments with significant positive trends415

(opposed to observations), but largely agree on the catchments with no trend. Overall, they show a lower spread in trend

magnitude across catchments than observations, with a median around zero (Figure 7b). CERRA agrees with the trends in

observations for the majority of catchments, however, it again shows the largest proportion of catchments with false trends, but

also with correct significant decreasing trends. For the trends in mean annual solid precipitation, (Figure 7c,g) and the number

of wet days (Figure 7d,h) this overall pattern remains: CERRA shows both the largest agreement in significant trends as well420

as the largest proportion of catchments with different trends than those in the observations, while ERA5, ERA5-Land and

CHELSA show no overlap of catchments with significant trends in observations. For solid precipitation, all datasets –except

for ERA5-Land which shows no change– represent the decreasing trends found in observations and the elevation pattern of

these trends (Figure 7c, markers). For the number of wet days, neither ERA5, ERA5-Land nor CHELSA show clear increases

or decreases, which might be a reflection of the poor representation of wet days in these datasets (Figure 3d). In contrast,425

observations and CERRA tend to show a decrease in the number of wet days with larger decreases at lower elevations.

All datasets agree on a significant increase in mean daily temperature (Figure 7i,m) and the temperature of the warmest day

of the year (tg_max; Figure 7j,n) for all catchments, but not for the temperature of the coldest day (tg_min; Figure 7k,o). ERA5-

Land shows slightly weaker trends in mean temperature compared to observations, while ERA5, CERRA and CHELSA show

stronger trends. The trend magnitude of temperature on the warmest day is comparable across all datasets. For the temperature430

of the coldest day, trend magnitudes in ERA5, CERRA and CHELSA are comparable with observations, while ERA5-Land

underestimates the trend magnitudes. However, trends in temperature on the coldest day are largely non-significant: only 20%
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of catchments in the observations show a significant increase (Figure 7k,o). Among all datasets, CERRA agrees the most with

observed temperature trends as it shows both similar trend magnitudes and high agreement in true trends, as well as only a

small number of false or undetected trends.435

The number of cold days (Figure 7l,p) decreases in all reanalysis datasets and observations and this trend is significant in

the majority of catchments. ERA5, CERRA and CHELSA show good agreement for the catchments with a significant trend

in observations and only a small proportion of undetected trends. However, all three datasets overestimate the number of

significant trends and trend magnitude compared to observations. ERA5-Land shows the weakest decrease in the number of

cold days as well as the lowest agreement with observations as it shows a larger number of catchments with undetected trends.440

The general findings that CERRA has the highest agreement with observations with respect to the number of catchments

with significant trends, false trends, as well as the best match in terms of trend magnitude, also applies for seasonal trends in

mean precipitation and temperature (Figure S9).
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Figure 7. Comparison of trend magnitudes and trend significance in precipitation and temperature metrics. (a,e) mean daily precipitation

(Pmean; mm), (b,f) maximum 1-day precipitation (Rx1d; mm), (c,g) mean annual amount of solid precipitation (solidprcptot; mm), (d,h)

annual number of wet days (wetdays; days), (i,m) mean daily temperature (Tmean; °C), (j,n) annual maximum of daily mean temperature

(tg_max; °C), (k,o) annual minimum of daily mean temperature (tg_min; °C), and (l-p) number of cold days (colddays; days). Boxplots

show trend magnitudes (theil-sen slopes; 1986-2020) in observations (grey) and reanalysis datasets (colors) across all catchments. Boxplots

are overlaid with median trend slopes for the three elevation bins (high: >2000 m (triangle), mid: 1000-2000 m (square), low: ≤1000 m

(circle)). The barplots show the percentage of catchments in observations with significant negative trends (blue), no significant trends (grey),

and significant positive trends (red) for the respective metric. Each stacked bar is repeated for the reanalysis datasets and is overlaid with the

percentage of catchments matching (no hatches) or not matching (hatches) the observed trend in sign and significance. The number above

the bars indicates the percentage of catchments where the reanalysis and the observations agree on the sign and significance of trends.
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6 Representation of extreme events

6.1 Meteorological drought445

The observed drought events in 2003 and 2018 show considerable differences in their spatial patterns, which all reanalysis

datasets are able to capture (Figure 8, 9). While ERA5, ERA5-Land and CHELSA overestimate drought severity and intensity,

CERRA underestimates them. The drought in 2003 is characterized by many catchments showing dry (SPI6 ≤ -1) to very dry

conditions (SPI6 ≤ -2) in the observations (Figure 8a) varying between -0.9 and -3.1 across catchments (e.g., Figure 8c, x-axis).

Especially the central and southern parts of Switzerland show low SPI6 values and the largest cumulative precipitation deficits450

of more than 400mm (Figure 8a,b). In contrast, the drought 2018 affected fewer catchments (Figure 9a) and is characterized

by a large spread of SPI6 values from 0.4 (no drought) to -2.8 (severe drought) across catchments (e.g., Figure 9c, x-axis). The

center of the drought lay over the central and north-eastern parts of Switzerland, where cumulative precipitation deficits for

several catchments were above 400 mm in the observations (Figure 9b). The southern, eastern and northern parts of Switzerland

were less affected by the 2018 drought. All reanalysis datasets capture these differences between the two drought events, that455

is the large spatial drought extent and small SPI6 spread between catchments in 2003 (Figure 8c-f), and the smaller drought

extent and large SPI6 spread in 2018 (Figure 9c-f).

The reanalysis datasets ERA5, ERA5-Land and CHELSA show a high agreement with observations for the 2003 drought

in terms of widespread drought conditions (SPI6 ≤ -1) (Figure 8c,d,f). However, they show a smaller catchment spread in

SPI values than observations and have a tendency to overestimate drought severity (i.e., lower SPI6 values; points below the460

1:1 line). Catchments which show an overestimation of SPI6 in the reanalysis datasets also show an overestimation of the

precipitation deficit compared to the observed deficit by generally 20-80%, which can exceed 100% in individual catchments

(Figure 8c,d,f, coloring of dots). CERRA generally underestimates drought severity and shows a larger spread of SPI6 values

across catchments than observations. Furthermore, CERRA estimates SPI6 values above -1 for several catchments, indicating

no drought, contrary to observations (Figure 8e). Although most catchment averages in CERRA agree with the observations465

on drought conditions and differences in the cumulative precipitation deficit are between +/- 20%, several catchments under-

estimate precipitation deficits by more than 40% compared to observations.
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Figure 8. Comparison of the severity and intensity of the drought event 2003 for the different reanalysis datasets. (a) Shows the SPI6

catchment values (March-August) of the observations (i.e., severity). (b) Shows the cumulative precipitation deficit (mm) of the observations

for the same period (i.e., intensity). The scatterplots in panels (c-f) show the four reanalysis datasets (y-axis) compared to the gridded

observations (x-axis) for the period 1986–2020 and all catchments. The location of the dots shows the SPI6 values and the coloring of

the dots shows the relative differences in the cumulative precipitation deficit (in percent compared to observed deficits). Orange and red

coloring highlight larger deficits in the reanalysis, yellow coloring shows smaller deficits in the reanalysis, and blue colors show a surplus of

precipitation rather than a deficit compared to observations. The dashed vertical and horizontal line indicate an SPI6 ≤ -1, which indicates

moderate to severe drought conditions. The solid black line indicates the 1:1 line. (c) ERA5, (d) ERA5-Land, (e) CERRA, and (f) CHELSA.

The drought in 2018 is reasonably captured by ERA5, ERA5-Land and CHELSA, which show a similar spread of minimum

and maximum SPI6 values as the observations, and a good match of catchments with low to high drought severity (Figure

9c,d,f). CERRA underestimates drought severity and shows a larger spread of SPI6 values (-3 to 1.3) than the observations470

(Figure 9e). A large number of catchments in CERRA shows undetected drought conditions (data points in the upper left

quadrant; Figure 9e) or even a precipitation surplus (indicated by the blue coloring). Catchments which show no drought

condition in the observations also show no drought condition in CERRA, which shows some overall agreement despite some

large deviations in event magnitude and several undetected drought occurrences.
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Beyond the two drought years of 2003 and 2018, all reanalysis datasets agree well with the full distribution of observed SPI6475

values (Figure S10), which indicates a correct temporal match of drought and no-drought conditions despite some apparent

biases.

In summary, all four datasets capture differences between the two drought events, with the 2003 drought being better repre-

sented than the one in 2018. ERA5, ERA5-Land, and CHELSA overestimate drought severity and intensity in 2003 and partly

under- and overestimate it in 2018, while CERRA overall underestimates the magnitude of both drought events.480
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Figure 9. Same as figure 8 but for the drought 2018.

6.2 Extreme precipitation

The intensity, severity and spatial structure of the three extreme precipitation events in 1999 and 2005 are captured by all

reanalysis datasets, with CERRA showing the highest agreement with observations, and the other datasets showing larger

spatial extents than the observations and some overestimation and underestimation of event intensity locally. The 1999 extreme

precipitation event was a sequence of two consecutive extreme precipitation events occurring only 10 days apart, with the major485

flood peaks observed during the second event. Both of these events were centered on the north-eastern part of Switzerland

(Figure 10a-d). The first event on May 12th (end of accumulation period) covered a larger area with catchments showing

standardized precipitation indices above 2 (Figure 10a) and precipitation intensities of 100-160 mm (Figure 10b). The second

event (May 22nd) had a smaller extent and was less intense (Figure 10c,d). All datasets are generally able to reproduce this event
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sequence in 1999. The catchments showing high intensity rainfall in the observations are also affected by extreme precipitation490

in all four reanalysis datasets (see the large number of points in the upper right corner of Figure 11a-h). Thereby, the first

precipitation event in 1999 (Figure 11a-d) is represented well by all datasets, with only a few catchments showing extreme

precipitation instead of moderate or low precipitation (upper left quadrant in Figure 11), or vice versa (lower right quadrant).

CERRA generally matches the observations well but shows a clear underestimation of severity and intensity over the southern

most catchments, which only received little to no precipitation (see Figure S13a). The second precipitation event in 1999495

is partly overestimated by ERA5, ERA5-Land and CHELSA, which show a larger number of catchments with standardized

precipitation above 1.5 than the observations (Figure 11e,f,h). In catchments with the highest event severity in observations,

all three reanalyses (ERA5, ERA5-Land and CHELSA) slightly underestimate event severity and intensity, while precipitation

in catchments with low and moderate precipitation in the observations is largely overestimated (Figure 11e,f,h). They show a

larger spatial extent for the precipitation event than the observations (see Figure S16), mainly in the south-east (towards the500

Engadin) and the south (Ticino) (see Figure S13b). CERRA clearly shows a better match with observations than the other

datasets (Figure 11g). It matches the geographical center of the event very well (see Figure S13b) and only shows very small

biases in the severity and intensity of the event.
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Figure 10. Maps of the severity and intensity of extreme precipitation events related to selected major floods in Switzerland based on gridded

observations. The maps show the two extreme precipitation events in May 1999 (11–12 May 1999, a-b; 21–22 May 1999, c-d) and the single

event in August 2005 (21–22 Aug 2005, e-f). Panels (a), (c) and (e) show the severity of the events expressed as the standardized 2-day

precipitation sums. Panels (b), (d) and (f) show the intensity of the events expressed as the 2-day precipitation sum (mm).
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The extreme precipitation event in 2005 was severe in most parts of Switzerland except the South, with intensities of 160

mm and more in large parts of central Switzerland, and slightly lower intensities in the West and East (Figure 10e,f). CERRA505

shows a very good agreement with observations in terms of severity and intensity (Figure 11k), and the geographical location

of the center of the event (see Figure S13c). ERA5, ERA5-Land, and CHELSA slightly underestimate event severity but over-

estimate spatial extent compared to observations. All three datasets slightly underestimate event intensity and severity in those

catchments which show the highest severity in observations, and overestimate the severity and intensity in locations with low

to moderately high precipitation (with approx. a standardized precipitation of 1.5).510

In summary, CERRA shows the smallest biases of all four datasets for flood-triggering extreme precipitation, in particular

for the most severe intensities. While ERA5, ERA5-Land, and CHELSA tend to overestimate the standardized precipitation

and precipitation accumulation for catchments with low to moderate precipitation, CERRA seems to slightly underestimate

precipitation in these catchments. The spatial event extents are best represented by CERRA and overestimated by ERA5,515

ERA5-Land, and CHELSA compared to observations (see Figure S13, S16).
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Figure 11. Comparison of the severity and intensity of extreme precipitation events related to selected major floods in Switzerland. Scat-

terplots compare the two extreme precipitation events in May 1999 (11–12 May 1999, a-d; 21–22 May 1999, e-f) and the single event in

August 2005 (21–22 Aug 2005, i-l). Event severity is expressed as the standardized 2-day precipitation sums of the four reanalysis datasets

(y-axis) and compared to the respective standardized precipitation of observations (x-axis, values from Figure 10(a, c, e)). Dot locations in the

scatterplots show the standardized precipitation. For illustration purposes, the +1.5 standard-deviation is indicated by the dashed vertical/hor-

izontal lines indicating heavy to extreme precipitation events and the 1:1 line for a perfect match. The coloring of dots in all panels shows

the relative difference (%) in the 2-day precipitation sums compared to observations (values from Figure 10(b, d, f)). Brown colors indicate

less precipitation than observed, grey precipitation in the range of +/-20%, and green and pink colors values above. Each dot represents one

catchment.

7 Discussion

7.1 Climate metrics best represented in high-resolution datasets

Our results show that CERRA clearly improves the representation of precipitation metrics compared to the other reanalysis

datasets (Figure 2, 3, 12), likely thanks to the assimilation of data from additional precipitation stations within the MESCAN520

regional precipitation analysis. In contrast to CERRA, the other reanalysis products are not assimilating any precipitation ob-

servations; except for ERA5, which includes a regionally and temporally limited precipitation assimilation over the contiguous
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U.S.A. through a radar-gauge product since 2010 (Hersbach et al., 2020). This highlights how closely model performance is

linked with the availability of high quality data and dense station networks. Even though CERRA, among all reanalysis datasets,

best represents most of the precipitation metrics, it shows some deficiencies in representing the studied drought events in 2003525

and 2018 (Figure 8, 9, 12, S16). While the large-scale SPI pattern over Switzerland is simulated quite well, CERRA seems

to simulate spurious local-scale precipitation events over regions with complex topography, which can locally alleviate the

large-scale drought signals (Figure S11). This is an issue across the European domain, including Switzerland and the Apennine

Mountains in Italy, where CERRA suffers from precipitation artefacts with bubble structures (Figure S12). We believe that

these artefacts result from a lack of sufficient data for data assimilation over complex terrain, leading to a stronger reliance530

on the underlying numerical weather prediction model (HARMONIE-ALADIN). In the context of drought, a few short and

heavy precipitation events can offset the presence of a drought locally, as seen in CERRA. Similar performance deficiencies

of CERRA over regions with scarce station networks have also been highlighted by Le Moigne et al. (2021) over northern and

eastern Europe.

Our finding that CERRA represents snowfall metrics well and ERA5-Land does not (Figure 4, 12, S14) is in agreement535

with Monteiro and Morin (2023), who in contrast to our results found a good performance for ERA5. This difference may

be related to the scale difference between the two analyses or that they used the snow outputs from the reanalysis directly,

while we approximated snow from precipitation and temperature. While our comparison focused on small to medium sized

catchments, Monteiro and Morin (2023) looked at four large regions in the Alps, where higher resolution might be less crucial

than at the catchment scale. Our results show strong differences between ERA5 and ERA5-Land in terms of temperature540

derived snowfall characteristics. While ERA5 clearly underestimates solid precipitation, ERA5-Land clearly overestimates

it. These differences are likely driven by the considerable temperature differences between the two datasets as differences

in precipitation are marginal. Generally, ERA5-Land shows lower temperatures and temperature variability than ERA5 and

observations, especially in winter and spring. Further, ERA5-Land shows larger biases at lower and higher elevations and

simulates more cold days than ERA5, which explains the overestimation of solid precipitation. Even though CHELSA shows545

similar biases as ERA5 for many of the climate metrics, the higher resolution of CHELSA seems to clearly improve the

representation of snowfall compared to ERA5 (Figure 4). The snowfall overestimation by CHELSA at higher elevations might

not be as severe as quantified, because the benchmark observations are known to underestimate solid precipitation at higher

elevations (> 1500 m) by up to 30% (Bandhauer et al., 2021).

All reanalysis datasets, except CERRA, clearly underestimate precipitation variability across all time scales (Figure 5). On550

daily timescales, this might be explained by the overestimation of low to moderate precipitation by the reanalysis datasets

and the underestimation of heavy precipitation intensities, which leads to a smaller range of daily precipitation variance or

a flattening of the intensity curve. However, for the underestimation of monthly and inter-annual variability, this explanation

is likely not valid. The reasons for the underestimation of monthly to inter-annual variability could instead be model driven

and caused by deficiencies in representing orographic effects or uncertainties in the data assimilation. Monteiro and Morin555

(2023) have shown no underestimation of precipitation variability by any of the datasets at the scale of the entire Alps. This
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suggests that the datasets agree well with observations at larger scales but not at local scales, where temporal variability is

underestimated by most datasets.

Our results show that the studied extreme precipitation events have a larger spatial extent in ERA5 and ERA5-Land than

in the other reanalyses datasets and the observations (Figure 11, 12, S13, S16). This might result from their coarser grid560

resolution, which has the effect that single grid cells influence the precipitation averages of multiple catchments. However,

CHELSA, which has a much finer spatial resolution, shows the same behavior, likely because the CHELSA downscaling

approach conserves the mass of precipitation fluxes at the original coarser grid resolution of the W5E5. This means that when

we average CHELSA values over catchments, we move closer to the original coarser grid resolution. This highlights that the

actual spatial scales of these datasets are likely coarser than their grid spacing, especially for the interpolated or statistically565

downscaled datasets (ERA5-Land and CHELSA). This also applies to the gridded observations, which depending on the

number of stations have an effective resolution of 15-20 km rather than 2 km (MeteoSchweiz, 2021a) or even coarser for

intense convective precipitation (Frei and Isotta, 2019). Further, the results suggest that the spatial resolution of the ERA5

products is still not refined enough for heavy precipitation events, especially in complex terrain. Lavers et al. (2022) have

found similar overestimation of the spatial extent of the heavy precipitation event during storm Alex in October 2020 on the570

northern side of the Alps, which they attributed to a poor representation of the orography in ERA5 leading to a larger moisture

influx from the south.
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Conclusions and limitations

All reanalyses can detect the three heavy precipitation events in 1999 and 2005. CERRA 
reflects the intensity and extent of all three events best, while ERA5, ERA5-Land and 
CHELSA show moderate to large underestimation of the event intensity and overestimate the 
extent of the events.
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shows the poorest performance for the analysis of meteorological droughts. While CERRA 
shows a good agreement in the intensity of the drought in 2003, it underestimates the drought 
extent. CERRA has difficulties in detecting the 2018 drought, extent and intensity. ERA5, 
ERA5-Land and CHELSA do an equally good job overall in detecting both drought events. 
However, the intensity of the 2003 drought is slightly (ERA5) to moderatly overestimated 
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All datasets show a slight (ERA5, ERA5-Land), moderate (CERRA) or strong (CHELSA) cold 
bias for the temperature of the coldest day of the year (tg_min) in higher elevation and a 
tendency towards a warm bias in lower elevation. The biases for the warmest day of the year 
(tg_max) are overall smaller than for tg_min in all datasets. ERA5 shows a slight warm bias in 
high elevation and CERRA a cold bias in high elevation.
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ERA5, ERA5-Land and CHELSA underestimate annual maximum daily precipitation (Rx1d), 
especially in mid and high elevations. Smaller biases are seen for annual maximum 5-day 
precipitation (Rx5d), especially at lower elevation. Similarly, the fraction of annual precipitation 
from very wet days (R99ptot) is slightly underestimated and higher biases are seen in higher 
elevation. CERRA shows only slight underestimation for Rx1d and Rx5d in high elevation, 
otherwise shows a good representation of the extreme metrics
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all The number of cold days (T<0°C) is well represented by all reanalyes. ERA5-Land slighly 
overestimates cold days in low elevation, CERRA in high elevation, and CHELSA in mid and 
high elevation catchments.
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Figure 12. Summary of results and dataset limitations for mean and extreme metrics, and the two extreme event types. Orange colors indicate

an overestimation and purple colors an underestimation by the datasets compared to observations. The color intensity reflect biases ranging

from slight, moderate to large over-/underestimation (see Figure S14-16 for the related quantitative biases). Biases in mean metrics and

extreme metrics are stratified for low, mid, and high elevation catchments, and all catchments. The quality of the datasets for meteorological

droughts and heavy precipitation linked to floods are shown for the individual events and the average across events (all). The quality is

divided into detection -event is detected in the same catchments in both observations and reanalysis-, intensity -bias in the intensity of the

event-, and extent -overall number of catchments showing an extreme event.

31



7.2 Differences due to varying modeling techniques

As all reanalysis datasets depend to varying degrees on the ERA5 reanalysis but use different modeling techniques to enhance

the spatial representation and accuracy of ERA5, we can hypothesize whether these modeling choices may lead to a better575

performance. CHELSA and ERA5-Land use statistical downscaling with varying complexity to enhance the spatial resolution

of ERA5, while CERRA uses a combination of dynamical downscaling and additional data assimilation to enhance spatial

resolution and the representation of precipitation. Statistical downscaling did not substantially improve the representation of

temperature and precipitation metrics compared to ERA5 and observations (Figures 2, 3, 12). However, the statistical downscal-

ing technique employed by CHELSA improved the representation of snowfall metrics (Figure 4), likely due to the refinement580

of resolution (1 km). This allows for the representation of locally varying elevation features, which play a key role in snow

formation. ERA5-Land, which partly uses interpolated meteorological variables from ERA5, shows that a pure interpolation

without any additional adjustments is not leading to any improvements in the representation of precipitation metrics, compared

to statistical downscaling with additional adjustments. In addition, the 9 km resolution of ERA5-Land might still be too coarse

to refine the topography. In contrast to precipitation, ERA5 and ERA5-Land show considerable differences for temperature,585

which might be explained by the lapse-rate adjustment in ERA5-Land (Dutra et al., 2020), but might also be influenced by

differences in soil-moisture interactions affecting evapotranspiration and energy fluxes which in turn influence temperature

(Hersbach et al., 2020; Muñoz-Sabater et al., 2021; Scherrer et al., 2022). Our analyses do not allow for clear conclusions on

the isolated effect of dynamical downscaling because the analyzed precipitation data from CERRA in our study (i.e., CERRA-

Land) relies on dynamical downscaling and an additional precipitation assimilation. However, CERRA(-Land) clearly shows590

that combining information from a reanalysis with observations benefits the overall representation of climate metrics even

when the resolution remains the same. To disentangle the influence of the dynamical downscaling from the influence of the

MESCAN regional precipitation system in CERRA(-Land), future work would need to include the precipitation data from

the CERRA high-resolution dataset, for which no additional precipitation information has been assimilated, and compare it to

the precipitation data from CERRA with precipitation assimilation (i.e., CERRA-Land). The results from Ridal et al. (2024)595

suggest that the dynamical downscaling, even without the precipitation assimilation, leads to a clear improvement in the skill

of precipitation with a lower false alarm rate and lower RMSE values compared to ERA5. Further, they show that the pre-

cipitation from CERRA-Land, i.e. as used in our analysis, yields even greater skill compared to ERA5. This suggests that the

overall improvement by CERRA-Land likely results from a combination of the added-value of the dynamical downscaling and

the post-processing of the regional precipitation analysis MESCAN. Similarly, Bollmeyer et al. (2014) suggested that another600

dynamically downscaled regional reanalysis –the COSMO-REA6–, can show an improved representation of precipitation com-

pared to its parent global reanalysis datasets (i.e., ERA-Interim) and that the added-value is especially pronounced in the case

when the regional reanalysis included additional data assimilation.
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7.3 Performance in high versus low elevation catchments

Since we have low to high elevated catchments, we can compare whether the performance of the reanalyses is dependent605

on elevation. Generally, all reanalysis datasets show comparable performance in low, mid and high elevation catchments.

However, for a few metrics and datasets, we can see larger biases in high or low elevated catchments (Figure 12). Especially,

temperature metrics related to the cold season show larger biases in the high elevation catchments. For example, in high

elevated catchments mean daily winter temperature is colder in all datasets compared to observations (Figure 2, 12), especially

CERRA and CHELSA show clear elevation dependent biases. The coldest day of the year (tg_min) is colder in high elevation610

catchments and in all datasets compared to observations (Figure 3, S7). Also, the number of cold days is overestimated by

CERRA and CHELSA at high elevations (Figure 3, S8). Otherwise, we find larger biases in higher elevation catchments for

mean precipitation and annual maximum precipitation; especially for ERA5, ERA5-Land and CHELSA (Figure 12).

7.4 Limitations

We acknowledge that the 35-year time period studied (1986-2020) may be too short to robustly estimate the real spread of inter-615

annual variability and to robustly detect trends. Especially for precipitation but also for temperature, a large number of samples

is needed to adequately gauge inter-annual variability (Wood et al., 2021; Maher et al., 2020). However, as the reanalysis

datasets are constraint by observations, the reanalyses and observations should both represent the same large-scale variability

and this constraint can partly be neglected. Nevertheless, the presented estimates of variability, based on 35 years of data,

might deviate from the variability as estimated by longer periods. Besides variability, the time period length also influences620

the detection of trends as small signal to noise ratios can mask trends. Further, any trend analysis is time period-sensitive and

are only a snapshot in time. For example, our trend analysis starting in 1986 yields decreasing trends in observed extreme

precipitation (Figure 7c), however, starting in 1901 yields clearly increasing trends in observations (see e.g., Scherrer et al.,

2016). Also Bruno and Duethmann (2024) have shown that sign and significance of trends can vary depending on the time. In

addition, the time varying quantity and quality of stations, which are in varying degrees used to generate the studied datasets625

and observations might lead to spurious or artificial trends (Monteiro and Morin, 2023). This could be a reason for the large

number of significant or opposite trends in the CERRA dataset (Figure S18).

One main drawback of the current version of CERRA is the short simulation period (1984–2021). However, there are plans

for an extension of the dataset to the present and a back-extension to 1961 (Ridal et al., 2024). Once the long time period is

available, the drawbacks coming from the short simulation period can partly be neglected. However, the good performance of630

CERRA over the recent period, which can in part be attributed to the large number of station data included in the MESCAN

regional precipitation analysis system, needs to be re-assessed and confirmed for the back extension, where abundant and

high-quality station records are rarer.

The choice of the gridded observational product from MeteoSwiss might have influenced the results of our evaluation. Kot-

larski et al. (2017) have shown that such influence is rather weak for temperature, but larger for precipitation. The precipitation635

observations (RhiresD) used in this study tend to overestimate light precipitation and underestimate strong precipitation (Me-
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teoSchweiz, 2021a; Kotlarski et al., 2017). This means that the underestimation of extreme precipitation metrics in ERA5,

ERA5-Land, and CHELSA is likely even larger than shown here. In general, gridded observations suffer from uncertainties not

only from measurement errors (Kochendorfer et al., 2017) but also from the interpolation of station data (Frei and Isotta, 2019).

The interpolation uncertainty is thereby influenced by varying station densities or the lack of representative stations, especially640

at high altitudes (Frei, 2013). For the gridded temperature dataset TabsD, Frei (2013) show seasonally varying interpolation

errors with larger biases in winter, which can reach mean absolute errors of 3°C and more, and smaller errors in summer.

This means that the dataset differences, especially in winter (e.g., for the snowfall approximation), could in reality be larger or

smaller depending on the location. To account for these uncertainties, more observational datasets would be required, although

most gridded datasets would rely on more or less the same station network, which would then only allow for disentangling the645

uncertainties from the interpolation scheme. As the interpolated fields are only one possible realization of the real spatial dis-

tribution, one could use ensembles of the same gridded product to estimate the interpolation uncertainty (e.g., Frei and Isotta,

2019). However, not many ensemble products for gridded observations exist and for example Bandhauer et al. (2021) showed

that such an ensemble might not represent the full spread of interpolation uncertainty.

8 Conclusions and recommendations650

In this paper, we conducted a comprehensive spatio-temporal evaluation of four state-of-the-art reanalysis datasets (ERA5,

ERA5-Land, CERRA(-Land), and CHELSA-v2.1) for different precipitation, temperature and snowfall metrics over complex

terrain by comparing them to gridded observations. Across the various precipitation and temperature metrics, and their temporal

variability, the CERRA dataset best represents the observations (Figure 12, S17), making it a good overall choice for hydro-

logical impact studies in low- to high-elevation catchments. In the following, we will provide a few general recommendations655

for the use of the reanalysis datasets compared and some more specific recommendations for some hypothetical use-cases.

As precipitation is the dominant variable to drive the hydrological response, we recommend using the CERRA dataset for

hydrological impact studies and hypothesize that CERRA will likely serve as a good input for hydrological models, because: (a)

CERRA captures mean and extreme precipitation well across seasons and elevations; (b) captures the three heavy precipitation

events –which triggered flooding in Switzerland– well in terms of intensity and spatial extent; and (c) can in combination with660

its good representation of temperature lead to small biases in snowfall fraction and total snow amount. In snow dominated

catchments, we can further recommend the use of CHELSA, as it also represents snow fraction and amount well.

Many climate change impact studies require bias-adjustment of climate model simulations prior to modeling hydrological

changes. Here, we can recommend using CERRA as the reference for the bias-adjustment, for similar reasons as above and

because of its good representation of wet-day frequency. The use of ERA5, ERA5-Land or CHELSA will likely be an insuf-665

ficient reference to correct for biases, as these datasets themselves are biased in wet-day frequency, and mean and extreme

precipitation.

Overall, all four reanalysis datasets can represent extreme dry and wet meteorological conditions of varying severity and

intensity as illustrated for the droughts in 2003 and 2018 and the extreme precipitation events in 1999 and 2005. For studying
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meteorological droughts in mountain regions, we recommend using ERA5, ERA5-Land or CHELSA. While they can over-670

estimate drought severity, they overall capture these events well. CERRA on the other hand underestimates the severity and

intensity of the studied drought events, revealing spurious precipitation events that alleviate drought conditions, which seems

to be the major limitation of this dataset. For heavy precipitation events, we recommend using CERRA. It best represents

wet extremes, while the other datasets overestimate spatial extents, severity and intensity in catchments with low to moderate

precipitation characteristics.675

In conclusion, CERRA seems to be the best reanalysis choice for hydrological impact studies that rely on precipitation,

temperature, and their interplay as it captures their mean characteristics, variability and extremes well, with the exception of

distinct droughts.
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