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A B S T R A C T

Study region: Slovenia
Study focus: Precipitation reanalysis products (PRP) with hourly resolution as ERA5-Land and 
COSMO-REA6 are a promising solution for hydrologic applications in data scarce regions as 
Slovenia. Both data sets are validated against observed hourly time series from 5 rain gauges and 
areal precipitation in 20 catchments in Slovenia regarding continuous and event-based precipi
tation characteristics as well as extreme values. Both, station and catchment precipitation are not 
well-represented by PRP, with a worse representation by ERA5-Land than COSMO-REA6. The aim 
of this study is to explore how if the PRP time series can, instead of being directly appliedtime 
series, from precipitation reanalysis products (PRP) can be used for the generation of high- 
resolution precipitation time series in unobserved catchments. A new approach is proposed to 
estimate parameters of a micro-canonical cascade model from ERA5-Land and COSMO-REA6 time 
series to generate hourly time series from daily observations.
New hydrologic insights for the region: The proposed parameter estimation approach leads to a 
general better representation of precipitation characteristics. For some stations the disaggregation 
based on COSMO-REA6 parameters even outperforms disaggregation results with parameters 
estimated from observed time series at these stations. Significant spatial patterns of PRP errors are 
identified which can help improving future PRP. The parameterization approach is not limited to 
the study region and can be used for precipitation generation in unobserved catchments, 
particularly in catchments with complex terrain which are usually not well represented by PRP.
Plain language summary: For many hydrological applications precipitation data with hourly res
olution are required. Unfortunately, this kind of data exists often only for a few stations or only 
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for short periods in the region of interest. Precipitation reanalysis data (PRP), which are produced 
by simulating the earth’s atmosphere over the last decades, are a promising solution. However, 
the quality of PRP depends on multiple factors and has to be tested for each region before 
application. In this study widely used ERA5-Land and COSMO-REA6 are tested for five rain 
gauges and 20 catchments in Slovenia. The validation of PRP with available observations for the 
study area indicated strong deviations. So instead of using the PRP directly for hydrological 
applications, a precipitation generator was parameterized with information from the PRP. Its 
validation shows a better representation of the observations, which suggests their usage for 
subsequent hydrological applications.

1. Introduction

High-resolution rainfall time series are required for many hydrological applications, e.g. rainfall-runoff modelling (Ding et al., 
2016), urban hydrology studies (Müller and Haberlandt, 2018; Derx et al., 2023) and erosion studies (Dunkerley, 2019; Pidoto et al., 
2022). Blöschl and Sivapalan (1995) showed that hydrologic processes differ regarding their dynamics, hence different resolutions in 
space and time are required to illustrate these processes adequately in hydrologic models. For urban hydrologic models temporal 
resolutions of 5 min and finer are required (Schilling, 1991; Ochoa-Rodriguez et al., 2015). Catchment rainfall-runoff models often use 
hourly time series for mesoscale catchments (~50–1000 km²; e.g., Ding et al., Müller-Thomy et al., 2018; Alexopoulos et al., 2023). 
Also, for a sufficient representation of the areal rainfall high station densities are required (e.g. Krajewski et al., 1991; Ogden and 
Julien, 1993; Obled et al., 1994; Nicotina et al., 2008).

Observed time series with hourly resolution are often not available with either the required spatial density or the time series length 
as required for e.g. subsequent flood frequency analysis. There are two possible solutions to solve this data scarcity: i) the usage of 
precipitation reanalysis products (PRP) or ii) generation of hourly rainfall time series.

PRP are a combination of data assimilation and numerical simulations of the global atmosphere over the last decades (Dee et al., 
2011). Due to the assimilated data sources PRP can outperform single observational data sets (e.g., Gebremichael et al., 2017; Gu et al., 
2023). Since PRP with finer resolution can represent precipitation better in space and time than with coarser resolution (Gustafsson 
and Dahlgren, 2012; Wahl et al., 2017), this study focusses on ERA5-Land and COSMO-REA6 as promising solutions from the latest 
generation of PRP.

ERA5-Land (Munoz-Sabater et al., 2021) provides climate data with horizontal resolution of approximately 9 km and temporal 
resolution of 1 h. It is a refinement of the ERA5 level 137 (10 m close to the surface) by triangular interpolation for the land component 
of ERA5 (Δl=31 km, Δt = 1 h, Hersbach et al., 2020), which replaced ERA-Interim (Δl=79 km, Δt = 6 h, Berrisford et al., 2009). 
ERA5-Land covers the period from 1940 onwards, which exceeds all available high-resolution rainfall data sets. COSMO-REA6 
(Δl=6 km, Δt = 1 h, Bollmeyer et al., 2015) resulted from the consortium for small-scale modelling (COSMO) limited-area model 
(LAM), a numerical weather prediction model from the German Weather Service, and covers the period 1995–2019. Since ERA-Interim 
was used as a boundary condition for LAM, COSMO-REA6 ended with the introduction of ERA5.

However, there are several potential shortcomings related to the selected PRP. Bandhauer et al. (2022) identified, for selected 
regions in Europe, a general overestimation of all monthly precipitation amounts and wet-day frequencies for ERA5, with stronger 
overestimations in the high-mountainous catchments in the summer period. This is confirmed by Dalla Torre et al. (2024), who report 
an overestimation of annual rainfall amounts by ERA5-Land for South-Tyrol. Sharifi et al. (2019) report weaknesses for daily rainfall 
amounts of ERA5 at high altitude and in complex terrain as Alpine valleys in Austria. However, precipitation peaks in October and 
November are underestimated, probably “due to limited resolution of related mesoscale processes” (Bandhauer et al., 2022). The 
general overestimation of rainfall amounts and wet days, but simultaneous underestimation of high rainfall amounts is confirmed by 
Bliznak et al. (2022) for ERA5 and ERA5-Land for the Czech Republic.

Dahlgren et al. (2016) validated ERA-Interim on a continental scale for Europe and found that it underestimates the number of 
intensive rainfall events (≥20 mm/d), but overestimates the number of days with intensities ≤ 0.1 mm/d. Isotta et al. (2015) identified 
for Central and Southern Europe an underestimation of the mean rainfall intensity by ERA-Interim by a simultaneous overestimation of 
wet day frequency. Large-scale patterns of rainfall-intense regions are not represented by ERA-Interim (Isotta et al., 2015). Lockhoff 
et al. (2019) identified for the mean rainfall intensity for Slovenia both, slight underestimations in the north and slight overestimations 
in the south by COSMO-REA6.

Following conclusions can be made based on this literature review, i) an advantage of high-resolution reanalysis data is the better 
representation of small-scale variability, and ii) extreme values are better represented by regional reanalysis data than global data sets 
(Gustafsson und Dahlgren 2012; Kaiser-Weiss et al., 2019; Lockhoff et al., 2019). However, depending on the region, deviations will 
differ quantitatively (Isotta et al., 2015). Consequently, PRP have to be evaluated for the data scarce region of interest and not for a 
different region with more data available.

If a PRP validation indicates a limited applicability of the PRP for the intended application in the study region, rainfall generation is 
a promising alternative. Parameters of stochastic rainfall generators can be estimated from observed time series which are shorter than 
required for the intended application or from time series at meteorologically similar locations. Among numerous stochastic rainfall 
generators as pulse models and alternating renewal models, the micro-canonical cascade models (MCM) have the advantage that the 
starting point for the rainfall generation are observed time series with daily resolution. The daily rainfall amount is conserved exactly 
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throughout the disaggregation process. Daily time series exist from non-recording stations with a high network density and often cover 
long measuring periods. Starting from daily values, the MCM can generate finer and finer temporal resolutions until a final temporal 
resolution is achieved (e.g. Olsson, 1998; Güntner et al., 2001). MCM have been used to generate precipitation time series worldwide. 
For this study, only findings for study areas close to Slovenia as region of interest are discussed below.

For the generation of time series with 10-minute resolution in Switzerland, Molnar and Burlando (2005) compared a MCM with a 
canonical cascade model, which conserves the daily rainfall amounts not exactly, but on average. The MCM reproduced well the 
intermittency of the rainfall process and also the annual maxima. However, the cumulative distribution function of rainfall intensities 
showed a general overestimation of rainfall intensities, and a high fraction of rainfall intensities smaller than the minimum temporal 
resolution (caused by the accuracy of the measuring instrument) used for parameter estimation. Although Molnar and Burlando (2005)
studied only one observed time series, this problem was confirmed by e.g. Müller and Haberlandt (2008) and resolved in Müller-Thomy 
(2020). Derx et al. (2023) validated a MCM at five Viennese stations in Austria and the identified performance regarding extreme 
values (observed extreme values are within the range of disaggregation results), continuous (relative error for average intensity: − 3 %, 
probability of dry time steps: − 1 %) and event-based characteristics (wet spell amount: 4 %, wet spell duration: 7 %) reasoned the 
choice of the MCM for the subsequent disaggregation of climate model data. Ebers et al. (2024) introduced temperature-dependency of 
MCM parameters to increase the physical plausibility of MCM to disaggregate future climate model data.

Besides the station-based disaggregation, MCM have been used for the temporal disaggregation of areal rainfall. Müller-Thomy and 
Sikorska-Senoner (2019) validated MCM for nine Swiss catchments with daily areal rainfall values derived from the interpolation of 
observed daily time series. They found that the relative error was very similar between station-based and areal-based disaggregation 
results (Δt = 1 h) for continuous and event-based characteristics. Extreme values were also well represented by the variant imple
mented from Müller and Haberlandt (2015). For Switzerland, Maloku et al. (2024) disaggregated daily areal rainfall time series, which 
were generated before by GWEX (following Richardson (1981), Wilks (1998) and Evin et al. (2018)). Maloku et al. (2024) showed that 
the performance of the applied MCM depends on seasons and studied area size. In general, the performance improves with increasing 
catchment size for the studied continuous and event-based precipitation characteristics, as well as for the extreme values.

For a robust estimation of MCM parameters, a minimum time series length is required, since short time series may not be repre
sentative for the overall rainfall behavior. Müller (2016) identified a minimum length of seven years as compromise between 
parameter variation and number of appropriate stations for Lower Saxony, Germany.

However, the authors are not aware of any references comparing the effects of spatial and temporal availability, e.g. if it is rec
ommended to use a closer, but shorter time series rather than a station far off, but providing a longer time series. Due to regional 
differences of rainfall behavior the authors expect no general answer to this hypothetic question. Nevertheless, since the intrinsic 
motivation for rainfall generation is the lack of suitable rainfall information at certain locations, the question remains: How can MCM 
parameters be estimated for locations without any observations? Since reanalysis products are available for decades of rainfall data for 
each location in their respective domain, they seem to be a promising source for MCM parameter estimation.

In this study the PRP ERA5-Land and REA6 will first be validated for Slovenia and subsequently tested regarding their suitability for 
the estimation of MCM parameters. To the best of authors knowledge this will be the first time that reanalysis data will be used for 
estimation of MCM parameters. However, the incorporation of PRP was studied for other rainfall generators before for AWE-GEN-2d 
(Peleg et al., 2020) and method-of-fragments (Acharya et al., 2022) as described in the following. Peleg et al. (2020) applied a 
bias-corrected version of CMORPH reanalysis data (Xie et al., 2017) to calibrate the rainfall module of the weather generator 
AWE-GEN-2d (Peleg et al., 2017, 2019) for the Zambezi river basin, Africa. Although the validation of the CMORPH dataset showed 
underestimation of the annual rainfall amounts, the simulated annual rainfall amounts were within the range of the natural climate 
variability for the study area. Acharya et al. (2022) apply a relatively simple, non-parametric disaggregation method known as 
method-of-fragment (Breinl and Di Baldassarre, 2019) for Australia. Acharya et al. (2022) use relative hourly rainfall patterns from 
BARRA-R reanalysis data (Su et al., 2019) to disaggregate observed daily rainfall amounts from AWAP (National Australian dataset, 
Jones et al., 2009). Acharya et al. (2022) show by a gauge-based validation that although the direct usage of BARRA-R cannot be 
recommended, using BARRA-R for parameter estimation improves the disaggregated rainfall time series regarding mean rainfall in
tensity, skewness coefficient of rainfall intensities and frequency of wet time steps. However, for some criteria as the variation co
efficient of rainfall intensities and transition probabilities the results are worsening. Therefore, the main objective of this study is to test 
if MCM parameters can be estimated for locations without any observations from PRP to generate high-resolution rainfall time series.

The manuscript is structured in five sections. The introduction in 1 is followed by a description of the data in 2. In 3 the applied 
micro-canonical cascade model and the validation procedure are explained. Validation results for rain gauges and catchments are 
shown and discussed in Sections 4.1 and 4.2, respectively, and identified deviations are analyzed regarding their dependency on 
catchment attributes in 4.3. Conclusions are provided in 5.

2. Data

The Sections 2.1, 2.2 and 2.3 contain detailed information about respectively: the observed data, the PRP and the catchment data 
applied in this study.

2.1. Observation

Three observation data sets were applied in this study (Table 1): rain gauge data, radar data and the ARSO data set. The rain gauge 
data set refers to five time series with hourly resolution. The ARSO data set (from here referred to as ARSO) is a regionalized 
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precipitation product from the Slovenian Environment Agency, which is available for the whole country with a spatial and temporal 
resolution of 1 km raster width and 1 day, respectively. The radar data set was also available for whole Slovenia, with a spatial and 
temporal resolution of 1 km raster width and 1 h, respectively.

Since for the validation of the PRP a spatial reference data set with hourly resolution was required, the ARSO and radar data were 
merged. Therefore, for each day and raster cell the relative diurnal cycle from the radar data was used to distribute the daily rainfall 
amounts from ARSO for this raster cell over the 24 h of the respective day. The resulting data set includes the daily rainfall amounts 
from ARSO as reference data set and the diurnal temporal distribution from the radar data. This merged data set is referred to as ARSO- 
h and was used as spatial reference for all PRP comparisons.

Areal rainfall time series for the catchment-based comparisons were derived as areal-weighted mean of all raster cells within the 
catchment boundary.

2.2. Reanalysis data

Two PRP were validated for Slovenia in this study: ERA5-Land and COSMO-REA6. ERA5-Land is available globally for 1950–2024 
and based on ERA5 (Hersbach et al., 2020), which is provided by the Copernicus Climate Change Service at the European Centre for 
Medium-Range Weather Forecasts (ECMWF). For ERA5-Land the spatial resolution is increased for the land components from 31 km 
raster width (ERA5) to 9 km raster width by maintaining the hourly resolution (Muñoz-Sabater et al., 2021).

COSMO-REA6 (Bollmeyer et al., 2015) has an even finer spatial resolution with 6 km raster width for whole Europe. COSMO-REA6 
was provided by the Consortium for Small-Scale Modelling (COSMO), a numerical weather prediction of the German Weather Service 
(DWD). The boundary condition for COSMO were ERA5-Interim data. Since ERA5-Interim got replaced by ERA5, the COSMO-REA6 
data is limited to the period 1995–2019 with currently no option for extension.

Areal rainfall time series of the PRP were derived identically to the observed data.

2.3. Catchments

In general, the Slovenian climate is strongly related to its orography (e.g., Doľsak et al., 2016) and offers the possibility to study the 
approach across different climate classes. Following the classification scheme after Köppen (Peel et al., 2007) a temperate climate 
without dry season but warm summers (Cfb) can be found in the lowlands of southern Slovenia, which are connected to the Adriatic 
Sea. The increasing altitude towards the north leads to cold climates without dry season but warm summers (Dfb) and for higher 
regions with cold summers (Dfc). For the alpine region with elevations up to 2864 m a.s.l. (Mount Triglav) polar (Tundra) climate (ET) 
is identified.

For an areal-based validation of the PRP the 20 catchments in Fig. 1 are used. Topographic catchment information is provided in 
Table 1. Hydrologic characteristics of the catchments are described by Alexopoulos et al. (2023). The areal rainfall time series of 
ARSO-h, ERA5-Land and REA6 were derived for each time step by weighting the rainfall amounts of all raster cells within a catchment 
based on their areal contribution.

3. Methods

3.1. Cascade model

For the generation of hourly precipitation time series from daily time steps the micro-canonical cascade (MCM) model after Müller 
and Haberlandt (2015) is applied, which exactly conserves the rainfall amount within one day. Based on the principle of self-similarity, 
the rainfall distribution on a fine time scale can be concluded from the rainfall distribution on a coarser scale. Starting with daily 
values, in each disaggregation step b finer time steps with same duration are generated, with b as branching number. For the first 
disaggregation step b= 3 is applied (Δt = 24 h→8 h), for all subsequent disaggregation steps b= 2 is chosen 
(Δt = 8 h→4 h→2 h→1 h). Details on the applied cascade model and its parameters are provided in the supplementary material A.

3.2. Validation

The suitability of reanalysis data for the estimation of the cascade model parameters for disaggregation is validated for station- 
based and catchment-based precipitation disaggregation (Fig. 2). For both, observed hourly precipitation time series are aggre
gated to daily values. So for the station-based disaggregation the time series length of the disaggregation object is identical with the 
time series length reported in Table 1 (‘OBS’), for the catchment-based disaggregation ARSO is limited to 2006–2010 due to the data 
availability of ARSO-h limited to this period.

The daily time series are disaggregated afterwards with parameter sets estimated from observations or PRP. For the parameter 
estimation, the whole time series of observations and PRP were used.

The parameters estimated from observations and PRP are analyzed and compared, followed by a validation of the disaggregated 
time series regarding continuous (average intensity, fraction of dry intervals) and event-based precipitation characteristics (wet and 
dry spell duration, wet spell amount) as well as extreme values. Precipitation events are defined as wet time step(s) surrounded by at 
least one dry time step before and after the event, whereby dry refers to a precipitation amount of 0 mm.

Extreme values were selected by peak-over-threshold method. The threshold was chosen in such a way that the resulting population 
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Table 1 
Metadata of rain gauge and catchments as time series length, physiographic attributes (altitude, catchment area) and precipitation characteristics.

Data set Name Station / 
Closest 
station

Catchment 
ID

Time 
series 
length

Altitude Area Missing 
values

Annual 
Precipi- 
tation

Fraction of wet 
time steps

Wet 
spell 
duration

Wet spell 
amount

Dry spell 
duration

Average 
intensity

[m a.s. 
l.]

[km²] [%] [mm] [%] [Δt] [mm] Δt [mm/ 
Δt]

OBS [Δt ¼ 1 h] Log pod 
Mangartom

A - 1999 - 
2017

648 - 44.9 2405 7.9 3.8 6.6 22.4 1.7

Postojna B - 1970 - 
2017

533 - 53.7 1535 5.8 3.1 4.2 21.3 1.3

Smartno pri Slov. 
Gr.

C - 1990 - 
2017

445 - 58.3 1190 5.4 3.1 3.6 20.4 1.2

Murska Sobota D - 1970 - 
2017

188 - 56.2 805 4.2 2.8 3.0 25.8 1.1

Bohinsjska 
Bistrica

E - 2002 - 
2017

507 - 71.4 2141 4.1 3.3 5.0 19.3 1.5

ARSO 
[Δt ¼ 1d]

Mislinja-Otǐski 
vrh

C 1 1981 - 
2010

773.4 231.9 - 1299.2 56.5 3.8 24.1 2.9 6.3

Dravinja-Zreče C 2 1981 - 
2010

884.1 42.6 - 1283.6 54.2 3.5 22.6 2.9 6.5

Pesnica-Zamušani D 3 1981 - 
2010

291.2 480.8 - 942.9 54.9 3.6 16.7 2.9 4.7

Radovna-Podhom E 4 1981 - 
2010

1192.9 167.1 - 2009.5 57.1 4.0 38.9 3.0 9.6

Kokra-Kokra E 5 1981 - 
2010

1251 113.1 - 1770.1 56.7 3.9 33.7 3.0 8.5

Poljanska Sora- 
Zminec

E 6 1981 - 
2010

683.2 306.5 - 1780.0 57.6 4.2 35.4 3.1 8.5

Seľska Sora- 
Železniki

E 7 1981 - 
2010

944.8 104.1 - 1908.5 56.3 4.0 37.3 3.1 9.3

Mirna-Jelovec C 8 1981 - 
2010

417.3 271.2 - 1166.3 57.5 4.0 22.4 3.0 5.6

Kolpa-Petrina B 9 1981 - 
2010

827.1 467.3 - 1877.4 59.4 4.4 37.9 3.0 8.7

Lahinja-Gradac B 10 1981 - 
2010

316.1 219.1 - 1288.7 55.9 3.9 24.3 3.0 6.3

Cerknǐsčica- 
Cerknica

B 11 1981 - 
2010

723.3 49.4 - 1538.1 55.9 3.9 29.4 3.1 7.5

Savinja-Nazarje C 12 1981 - 
2010

948.6 457.1 - 1625.8 58.2 4.1 31.7 3.0 7.6

Bolska-Dvas C 13 1981 - 
2010

576.9 170.6 - 1376.5 57.2 4.0 26.3 3.0 6.6

Voglanja-Crnolica C 14 1981 - 
2010

388.5 54.7 - 1114.5 53.4 3.5 19.8 3.0 5.7

Hudinja-SVas C 15 1981 - 
2010

609.8 155.9 - 1196.3 55.9 3.8 22.1 3.0 5.9

Soča-Kobarid A 16 1981 - 
2010

1215.3 437.1 - 2730.0 58.3 4.2 54.4 3.0 12.8

Idrijca-Hotešk E 17 1981 - 
2010

688.9 443.5 - 2057.7 58.0 4.3 41.5 3.1 9.7

(continued on next page)
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Table 1 (continued )

Data set Name Station / 
Closest 
station 

Catchment 
ID 

Time 
series 
length 

Altitude Area Missing 
values 

Annual 
Precipi- 
tation 

Fraction of wet 
time steps 

Wet 
spell 
duration 

Wet spell 
amount 

Dry spell 
duration 

Average 
intensity

[m a.s. 
l.] 

[km²] [%] [mm] [%] [Δt] [mm] Δt [mm/ 
Δt]

Bača-Bača pri 
Modreju

E 18 1981 - 
2010

836.2 143.1 - 2357.0 56.8 4.1 46.4 3.1 11.4

Reka-CMlin B 19 1981 - 
2010

588.3 332.1 - 1524.6 57.4 4.3 30.9 3.2 7.3

Rižana-Kubed B 20 1981 - 
2010

596.1 204.7 - 1461.0 55.7 4.0 29.0 3.2 7.2

Radar 
[Δt ¼ 1 h]

Mislinja-Otǐski 
vrh

C 1 2006 - 
2010

773.4 231.9 10.1 1146.8 19.1 4.2 2.8 15.6 0.7

Dravinja-Zreče C 2 2006 - 
2010

884.1 42.6 8.2 1070.5 12.4 3.6 3.3 22.0 0.9

Pesnica-Zamušani D 3 2006 - 
2010

291.2 480.8 8.9 808.0 16.2 4.9 2.6 22.0 0.5

Radovna-Podhom E 4 2006 - 
2010

1192.9 167.1 10.0 1861.6 22.0 4.5 4.1 13.7 0.9

Kokra-Kokra E 5 2006 - 
2010

1251 113.1 8.7 1400.9 11.4 2.8 3.8 18.8 1.4

Poljanska Sora- 
Zminec

E 6 2006 - 
2010

683.2 306.5 10.2 1602.5 20.3 4.8 4.1 16.2 0.9

Seľska Sora- 
Železniki

E 7 2006 - 
2010

944.8 104.1 8.9 1537.7 13.2 4.5 5.8 25.8 1.3

Mirna-Jelovec C 8 2006 - 
2010

417.3 271.2 9.6 943.5 16.5 5.2 3.2 22.4 0.6

Kolpa-Petrina B 9 2006 - 
2010

827.1 467.3 11.6 1740.5 27.5 5.7 3.9 12.7 0.7

Lahinja-Gradac B 10 2006 - 
2010

316.1 219.1 9.3 1066.9 17.9 4.7 3.1 18.8 0.7

Cerknǐsčica- 
Cerknica

B 11 2006 - 
2010

723.3 49.4 8.7 1313.6 16.1 4.3 3.9 19.6 0.9

Savinja-Nazarje C 12 2006 - 
2010

948.6 457.1 10.6 1477.2 24.0 4.7 3.1 12.8 0.7

Bolska-Dvas C 13 2006 - 
2010

576.9 170.6 9.3 1172.1 16.8 4.3 3.2 18.5 0.8

Voglanja-Crnolica C 14 2006 - 
2010

388.5 54.7 7.8 881.6 11.3 4.3 3.6 29.0 0.8

Hudinja-SVas C 15 2006 - 
2010

609.8 155.9 9.0 1017.2 17.2 4.2 2.7 17.5 0.6

Soča-Kobarid A 16 2006 - 
2010

1215.3 437.1 10.9 2413.8 24.0 4.6 5.0 12.5 1.1

Idrijca-Hotešk E 17 2006 - 
2010

688.9 443.5 11.5 1916.0 27.5 5.4 4.0 12.1 0.7

Bača-Bača pri 
Modreju

E 18 2006 - 
2010

836.2 143.1 9.3 1871.9 14.0 5.0 7.3 26.1 1.5

Reka-CMlin B 19 2006 - 
2010

588.3 332.1 9.5 1365.5 18.0 6.4 5.2 24.5 0.8

Rižana-Kubed B 20 2006 - 
2010

596.1 204.7 8.8 1313.8 15.2 5.3 5.0 25.4 0.9
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is three times the length of the respective time series. The independence of the extreme events is ensured by a minimum of 4 dry hours 
between the events for extreme event durations D≤ 4 h, and for D> 4 h by a minimum dry spell duration as long as the studied extreme 
event duration (DWA-A 531, 2012). Return periods Tn are estimated by plotting positions in dependence of length of time series M, 
population size L and index k (running from k = 1 as largest to k = L as smallest values): 

Tn =
L + 0.2
k − 0.4

•
M
L

(1) 

The errors resulting from the disaggregation in comparison to the observations (OBS) are quantified for precipitation character
istics (PC) over all stations n and all realizations m of the disaggregation (DIS) by the mean absolute error MAE (Eq. 2) and the relative 
error PBIAS (Eq. 3): 

MAE =
1

n • m
•
∑n

j=1

∑m

i=1
PCDIS,i,j − PCOBS,j (2) 

PBIAS =
1

n • m
•
∑n

j=1

∑m

i=1

PCD,i,j − PCO,j

PCO,j
(3) 

Fig. 1. Rain gauges and catchments used for PRP validation. The colors of each catchment identify the closest rain gauge. The map in the lower left 
corner shows the location of Slovenia in Europe (highlighted in blue). (sources: European countries: Sevdari and Marmullaku 2023; digital elevation 
model: Jarvis et al., 2008).

Fig. 2. Workflow overview and applied data sets for station-based and catchment-based validation of precipitation disaggregation with the 
identification of the time step used (i.e., daily-d and hourly-h).
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4. Results and discussion

The PRP are validated for the 5 recording stations (Sect. 4.1) and for the 20 catchments (Sect. 4.2) if i) applied directly and ii) if 
used for cascade model parameter estimation and subsequently precipitation disaggregation.

4.1. Station-based PRP validation

The validation results of the PRP time series are shown in Fig. 3 and Table 2 for continuous and event-based precipitation char
acteristics. Both, ERA5-Land and COSMO-REA6, lead to a strong overestimation for wet spell duration, and strong underestimation of 
dry spell duration, wet spell amount, fraction of dry intervals and average intensity. This could be expected due to the larger spatial 
extent of the PRP (ERA5-Land: ~81 km², REA6: ~36 km²) in comparison to a rain gauge (e.g., Reinhold rain gauge: 200 cm²). The 
larger the spatial extent, the higher is the probability to include a rainfall event, which causes longer wet spell events with smaller 
intensities and shorter dry spells in between. Thus, for ERA5-Land the deviations are higher than for REA6 due to the coarser spatial 
resolution of ERA5-Land.

The precipitation characteristics of the disaggregated time series depend on the cascade model parameters and hence on the data 
set used for their estimation. Details on all estimated parameters are provided in the supplementary material B. In general, a systematic 
underestimation of probabilities leading to dry time step is identified when PRP are used for the parameter estimation, while prob
abilities leading to only wet time steps are systematically overestimated. Although this systematic is identical for ERA5-Land and 
COSMO-REA6, the parameters estimated from COSMO-REA6 are closer to parameters estimated from observations. The results of the 
disaggregated time series are also included in Fig. 3 and Table 2.

The disaggregated time series using parameters estimated from observed time series are used for the validation of the cascade 
model regarding its applicability in Slovenia. The deviations of wet spell amount, dry spell duration and fraction of dry intervals with | 
PBIAS| < 10 % can be considered as small and proof the applicability of the cascade model. PBIAS for wet spell amount (-18 %) and 
average intensity (13 %) are higher. However, both precipitation characteristics are interdependent and deviations of this magnitude 
are typical for the applied cascade model (see Müller and Haberlandt, 2015, for Germany; and Müller-Thomy and Sikorska-Senoner, 
2019, for Switzerland). An extension of the set of position classes for parameter estimation (Müller-Thomy, 2020) could be a possible 
solution as shown by Pidoto et al. (2022). The cascade model suggested by Güntner et al. (2001) using b= 2 for all disaggregation steps 
was tested as an alternative in a pre-study by Kellner (2022), but the results were outperformed by the cascade model variant applied in 

Fig. 3. Precipitation characteristics from disaggregated time series using different rainfall data for cascade model parameter estimation (Sta-Obs, 
Sta-ERA5L, Sta-REA6, all median values) and from PRP time series (ERA5-Land, COSMO-REA6) in comparison to observations (OBS) for each rain 
gauge as x-y-plot.
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Table 2 
MAE and PBIAS values for deviations of station-based and areal-based precipitation characteristics from PRP time series (ERA5-Land, COSMO-REA6) and disaggregated time series (Sta-Obs, Sta-ERA5L, 
Sta-REA6) using different rainfall data for cascade model parameter estimation.

Precipitation 
characteristic

Stations Catchments

MAE PBIAS [%] MAE PBIAS [%]

ERA5- 
Land

COSMO- 
REA6

Sta- 
Obs

Sta- 
ERA5L

Sta- 
REA6

ERA5- 
Land

COSMO- 
REA6

Sta- 
Obs

Sta- 
ERA5L

Sta- 
REA6

ERA5- 
Land

COSMO- 
REA6

Cat- 
Obs

Cat- 
ERA5L

Cat- 
REA6

ERA5- 
Land

COSMO- 
REA6

Cat- 
Obs

Cat- 
ERA5L

Cat- 
REA6

Wet spell 
duration (h)

5.7 2.4 0.4 3.7 0.1 175 74 − 18 115 − 4 5.4 3.2 − 2.0 2.3
0.0

120 71 − 42 52 2

Wet spell amount 
(mm)

− 2.0 − 1.0 0.2 0.8 0.3 − 45 − 22 − 8 17 − 6 − 1.2 − 0.8 − 0.4 0.7
0.1

− 29 − 18 − 8 20 6

Dry spell 
duration (h)

− 16.0 − 4.0 1.1 1.3 1.4 − 73 − 18 − 6 2 − 6 − 11.8 − 5.2 − 2.4 − 0.7
− 1.7

− 59 − 23 − 6 3 − 3

Fraction of dry 
intervals (%)

− 51.7 − 18.5 0.0 0.1 0.0 − 55 − 20 2 − 12 0 − 37.8 − 16.2 6.1 − 7.5
− 1.4

− 47 − 20 8 − 9 − 1

Average 
intensity (mm/ 
h)

− 1.1 − 0.7 0.2 0.6 0.0 − 81 − 55 13 − 45 − 2 − 0.6 − 0.5 0.5 − 0.2
0.0

− 67 − 52 62 − 20 4
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this study.
If the PRP time series are used for the cascade model parameter estimation and hence for the disaggregation of the observed daily 

time series, all deviations for the PRP identified before are reduced (Fig. 3, Table 2). While Sta-ERA5L still shows an overestimation of 
wet spell duration (PBIAS 115 %) and underestimation of the average intensity (-45 %), the results for the dry spell duration show an 
almost perfect fit to observations (2 %). For Sta-REA6 the disaggregation results show smaller or similar deviations for average in
tensity (-2 %), wet spell amount (-6 %), wet and dry spell duration (-4 % and − 6 %, respectively). The goodness of Sta-REA6 results is 
similar to the parameter estimation using observed time series for dry spell duration and wet spell amount. For wet spell duration and 
average even intensity Sta-Rea6 outperforms Sta-Obs slightly.

The extreme values of the observed time series, PRP time series and disaggregated time series are shown for D= 1 h and D= 6 h for 
station D (i.e., Murska Sobota station) in Fig. 4. Station D was chosen since it has the longest time series, but the results are comparable 
for all stations. Both PRP underestimate the observed extreme values (PBIASD=1h, T=2 yrs: − 65 % for ERA5-Land and − 13 % for 
COSMO-REA6, Table 3). For ERA5-Land the underestimation decreases with increasing duration. For REA6 underestimations occur 
only for D= 1 h and return periods Tn> 4 yrs. For longer durations, extreme values are well represented for the short return periods, 
while for higher return periods high overestimations are identified (for D=6 h and D=12 h for return periods Tn>16 yrs; for D=24 h 
for return periods Tn>10 yrs). Again, if the PRP time series are used for the estimation of the cascade model parameter, the deviations 
are reduced for both, Sta-ERA5L and Sta-REA6 (Fig. 4, Table 3). The highest deviations can be identified for D= 1 h with a slight less 
underestimation for Sta-REA6 (PBIAS2 yrs=9 %) than Sta-ERA5-Land (PBIAS2 yrs=-12 %). However, the usage of PRP data for 
parameter estimation is outperformed by the parameter estimation using observed time series, especially for the high return periods.

4.2. Catchment-based PRP validation

In Fig. 5 and Table 2 the catchment-based precipitation characteristics are shown. As for the station-based validation, ERA5-Land 
and COSMO-REA6 show the worst representation of the reference data set ARSO-h with strong overestimation of wet spell duration 
and underestimation of wet spell amount, dry spell duration, fraction of dry intervals and average intensity.

For the disaggregation of areal rainfall time series, all 20 catchments were used. It was shown before that the applied cascade model 
is capable of disaggregating point and areal rainfall time series (Müller-Thomy and Sikorska-Senoner, 2019; Maloku et al., 2024). For 
the disaggregation of the aggregated daily time series of ARSO-h, a practical approach is chosen by using the time series of the closest 
rain gauge for cascade model parameter estimation (Cat-Obs). The disaggregation results depend on the estimated parameters, which 
are provided for all data sets in the supplementary material C. In general, for Cat-Obs over- and underestimations differ among volume 
classes. While for the lower volume class the probabilities for generating dry time steps is overestimated by a station-based parameter 
estimation, they are underestimated for the upper volume class (vice versa for the probabilities leading to only wet time steps. These 
parameter deviations lead to shorter wet spell durations (caused by more frequent dry steps breaking one rainfall event on the coarser 
scale into two or more rainfall events on a finer scale), and hence to higher rainfall intensities for the fewer wet time steps (since the 
rainfall amount on the coarse scale remains identical).

For Cat-ERA5L and Cat-REA6, probabilities leading to dry time steps are underestimated, and probabilities leading to only wet time 
steps are overestimated. However, this pattern is less clear in comparison to the station-based validation (4.1). COSMO-REA6 leads to 
smaller parameter deviations than ERA5-Land.Cat-ERA5L and Cat-REA6 lead to better results than the direct usage of both PRP data 
sets (Fig. 5, Table 2). Also, Cat-REA6 outperforms Cat-ERA5L for wet spell amount, wet spell duration and average intensity. For dry 
spell duration the results are less clear. Artificial short dry spells resulting from the random generation of dry spells by P(1/0) and P(0/ 
1) in the last disaggregation step(s) lower the average dry spell duration, leading to a systematic underestimation over the whole range 
and thus hiding the impact of data set choice for parameter estimation. Cat-REA6 also outperforms Cat-Obs. Cat-ERA5L is out
performed by Cat-Obs (wet spell duration and wet spell amount), only for average intensity Cat-ERA5L leads to better results.

For the catchment-based validation more detailed results are provided for catchment 1 (Mislinja catchment, northern Slovenia, 

Fig. 4. Extreme values of station D (i.e., Murska Sobota) for D=1 h (left panel) and D=6 h (right panel) from observations, disaggregated time series 
using different rainfall data for cascade model parameter estimation (Sta-Obs, Sta-ERA5L, Sta-REA6) and from PRP time series (ERA5-Land, 
COSMO-REA6).
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closest rain gauge C within the catchment) and catchment 11 (Cerknǐsčica catchment, central Slovenia, non-mountainous region, 
closest rain gauge B outside of the catchment). The precipitation intensities of ARSO-h as reference data set and the disaggregated time 
series are shown as non-exceedance plots in Fig. 6 for catchment 11 (similar for all catchments). Only rainfall intensities ≥ 0.1 mm/h 
are considered since smaller intensities are less important from a hydrological point of view. Also, Molnar and Burlando (2005) and 
Müller and Haberlandt (2015), (2018) have shown that the cascade model tends to generate a high fraction of wet time steps with very 
small intensities. Hence, the considered rainfall intensities were restricted to avoid any distortion in the interpretation. As indicated in 
Table 4, the overestimation of P(x/(1-x)) by the PRPs leads to too many wet time steps in the disaggregated time series, which results in 
too small intensities.

While Cat-ERA5L underestimates ARSO-h as reference data set over the whole range, Cat-REA6 shows only underestimations for 
non-exceedance probabilities > 80 %. However, for < 70 % overestimations are identified for Cat-REA6. When the closest rain gauge 
is used for the parameter estimation, overestimations occur for the whole range of non-exceedance probabilities. Overall, CAT-REA6 
shows the best representation of the non-exceedance curve of rainfall intensities for catchment 11.

In Fig. 7 the uncertainties for several precipitation characteristics are shown for catchment 11. The uncertainty from the 80 re
alizations of each disaggregation is for all presented precipitation characteristics neglectable in comparison to the uncertainty resulting 

Table 3 
PBIAS of extreme values for station D (i.e., Murska Sobota) and catchment 1 (i.e., Mislinja catchment) from disaggregated time series using different 
rainfall data for cascade model parameter estimation (Sta-Obs, Sta-ERA5L, Sta-REA6) and from PRP time series (ERA5-Land, COSMO-REA6).

Duration Return 
period

Station D (Murska Sobota) Catchment 1 (Mislinja catchment)

ERA5- 
Land

COSMO- 
REA6

Sta- 
Obs

Sta- 
ERA5L

Sta- 
REA6

ERA5- 
Land

COSMO- 
REA6

Cat- 
Obs

Cat- 
ERA5L

Cat- 
REA6

1 h 2 yrs − 65 − 13 19 − 13 9 − 39 − 21 30 − 12 − 1
5 yrs − 72 − 28 5 − 22 − 6 − 31 − 11 47 3 12

6 h 2 yrs − 34 7 0 − 8 2 − 41 − 27 − 2 − 14 − 8
5 yrs − 37 5 − 4 − 14 − 6 − 41 − 28 − 3 − 11 − 8

Fig. 5. Precipitation characteristics from disaggregated time series using different rainfall data for cascade model parameter estimation (Cat-Obs, 
Cat-ERA5L, Cat-REA6, all median values) and from PRP time series (ERA5-Land, COSMO-REA6) in comparison to ARSO-h as reference for each 
catchment as x-y-plot. The symbol indicates the closest rain gauge used for parameter estimation; the colour indicates the data sets.
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from the choice of the data set used for parameter estimation. The results for Cat-REA6 enclose the ARSO-h values as reference data set 
for wet spell duration, wet spell amount and average intensity. Cat-ERA5-Land leads to better results than Cat-REA6 for only dry spell 
duration. The station-based parameters lead to the worst results for all precipitation characteristics analyzed (Cat-Obs).

In Fig. 8 the extreme values for catchment 1 are shown. The time series length of ARSO-h (5 years, 2006–2010) as reference data set 
limits the comparison of statistical representative return periods to Tn~2 years. Higher return periods are only available with the 
disaggregation of the daily ARSO data set (available 1981–2010). As for the continuous precipitation characteristics, the extreme 
values directly derived from ERA5-Land and COSMO-REA6 lead to the strongest underestimations over the whole range of return 
periods (e.g. for D=6 h: PBIAS2 yrs=41 % for ERA5-Land and 27 % for COSMO-REA6, see Table 3). For both, Cat-ERA5L and Cat-REA6, 
the extreme values are well represented for Tn< 5 years, with slightly higher values for Cat-REA6. Cat-Obs leads to an overestimation 
of the extreme values for Tn< 5 years. The differences among the disaggregation-based approaches decrease with increasing extreme 
value durations.

4.3. Discussion and exploration of detected deviations

In general, ERA5-Land shows higher deviations from the reference data than COSMO-REA6 for both, gauge-based and catchment- 
based precipitation characteristics. A possible explanation is the coarser resolution in space of ERA5-Land (~81 km² raster size) in 
comparison to COSMO-REA6 (~36 km²), since reanalysis data with finer resolution can represent precipitation processes better 
(Gustafsson and Dahlgren, 2012; Wahl et al., 2017). This is especially important for regions with complex topography where pre
cipitation characteristics can differ significantly over small scales (e.g., Bezak et al., 2021). For both PRP a Spearman’s rank correlation 
test (Spearman, 1904, included in the R package ‘Hmisc’ by Harrell and Dupont, 2025) was applied. As a bivariate test, the correlation 
of precipitation characteristic deviations between ARSO-h as observations and ERA5-Land (or COSMO-REA6, respectively) as variable 
1, and the catchment characteristics catchment size, maximum or mean altitude as variable 2 is determined. A t-test is used to test the 
significance of the correlation. If the resulting p-value is smaller than 0.05, the correlation is considered as significant (e.g., Breinl 
et al., 2021) with the consideration of the selected significance level (see Table 4). For average intensity and dry spell duration, 

Fig. 6. Comparison of non-exceedance curves of rainfall intensities ≥ 0.1 mm for catchment 11 (i.e., Cerknǐsčica catchment). The line width results 
from the 80 realizations for each disaggregation.

Table 4 
P-values from Spearman’s rank correlation test (precipitation characteristic deviation vs. catchment attribute). Significant correlations (significance 
level 0.05 is used) are highlighted in green and bold, significances identified for both reanalysis products are underlined.

Precipitation characteristic ERA5-Land COSMO-REA6

Catchment size Altitude maximum Altitude mean Catchment size Altitude maximum Altitude mean

Average intensity 0.2 % 6.8 % 3.9 % 0.6 % 18.4 % 11.5 %
Wet spell duration 21.0 % 0.0 % 0.0 % 73.8 % 0.0 % 0.0 %
Wet spell amount 2.3 % 78.2 % 95.5 % 14.1 % 4.8 % 9.0 %
Dry spell duration 3.1 % 10.7 % 15.4 % 1.4 % 15.0 % 20.2 %
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deviations for both PRP depend significantly on the catchment size. This is plausible, since both characteristics are highly affected by 
rainfall events with small spatial extent, which occur less frequently in smaller catchments. For wet spell duration, deviations for both 
PRP depend significantly on both, mean and maximum altitude of the catchment. While observed wet spell durations show no trend 
with increasing altitude, the deviations of both PRP show an increasing trend. Chen and Wen (2023) studied ERA5 data for China and 
identified an increasing number of false rainfall events with increasing altitude. With ERA5 as boundary condition this error transfers 
to ERA5-Land. Sharifi et al. (2019) also identified lower performance of ERA5 for high altitudes (elevation>1000 m) than in lower 
altitudes in terms of rainfall amounts for Austria. Sharifi et al. (2019) suspect the coarse spatial resolution of ERA5 to cause the 
identified deviations, which transfer to ERA5-Land.

Fig. 7. Box-plots of precipitation characteristics for catchment 11 (I.e., Cerknǐsčica catchment).

Fig. 8. Catchment-based extreme values for catchment 1 (i.e., Mislinja catchment) from observations, disaggregated time series using different 
rainfall data for cascade model parameter estimation (Cat-Obs, Cat-ERA5L, Cat-REA6) and from PRP time series (ERA5-Land, COSMO-REA6). The 
vertical dashed line indicates the limit for statistical representativity of ARSO-h as reference data set.
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5. Conclusions

In this study, the precipitation reanalysis products (PRP) ERA5-Land and COSMO-REA6 were validated for 5 rain gauges and 20 
catchments in Slovenia. Furthermore, both PRP were tested as possible data sets to estimate the parameters of a micro-canonical 
cascade model to generate both, catchment- and gauge-based hourly precipitation time series from daily observations.

For the 5 rain gauges, both PRP lead to strong deviations from observed precipitation characteristics. Extreme values are under
estimated for all return periods and all durations (for COSMO-REA6 only for D=1 h). These findings were expected due to the different 
spatial representation of precipitation behavior. The PRP were used for the cascade model parameter estimation and subsequent 
disaggregation of the daily precipitation amounts, which significantly improved the representation of observed precipitation 
characteristics.

The PRP were also compared with a merged product of observed radar and rain gauge data (ARSO-h) for 20 catchments (Cat-ERA5L 
and Cat-REA6). Both PRP show high deviations from observed areal precipitation characteristics with slightly better performance of 
COSMO-REA6.

The ARSO-h catchment precipitation time series were aggregated to daily values and then disaggregated to hourly values using 
cascade model parameters estimated from either Cat-ERA5L or Cat-REA6 PRP time series or from the closest observed rain gauge time 
series (Cat-Obs) for each catchment. The disaggregated catchment precipitation time series represent observed precipitation char
acteristics better than the PRP time series, including precipitation extreme values.

Similar to the rain gauge-based approach, the better representation of precipitation amounts on the daily scale by using ARSO 
observation data as input for the disaggregation, also the precipitation characteristics are represented better by the disaggregated time 
series than by the PRP directly. The disaggregation with parameters estimated from COSMO-REA6 outperforms both, ERA5-Land and 
rain gauge-based observations.

Significant dependencies of PRP precipitation characteristic deviations were identified for average intensity and dry spell duration 
(depending on catchment size) as well as wet spell duration (mean and maximum altitude). The results of this study indicate that rather 
than directly using the hourly PRP products it is advisable to estimate the parameters of the micro-canonical model based on the PRP 
data and disaggregate local daily datasets (with better spatial resolution) to hourly time series.
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