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Soil erosion by water has become one of the greatest 
environmental threats worldwide. It negatively affects 
soil quality and fertility by reducing its infiltration rates, 
water-holding capacity or the nutrient and organic matter 
contents. The implications are associated not only with 
reduced agricultural productivity but also with compromised 
biodiversity, ecosystem services, water quality and quantity 
and recreational activities (Korbeľová, Kohnová, 2017; Stolte 
et al., 2016). In Europe, the most dominant cause of soil loss 
is induced by water erosion in the form of heavy rainfall 
episodes (Boardman, Poesen, 2006). 

As soil erosion by water is difficult to measure in 
a  regional scale, it is often estimated using empirical 
models such as the universal soil loss equation (USLE) 
model (Wischmeier, Smith, 1978). The model estimates 
mean annual soil loss resulting from the erosive effect 
of raindrops by multiplying six empirically derived 
factors from which rainfall erosivity factor (R) has the 
highest impact (Loureiro, Coutinho, 2001; Panagos et 
al., 2015). The R-factor is a  multi-annual average index 
representing kinetic energy and intensity of high-intensity 
rainfall events with a potential to cause soil erosion. Its 
accurate estimation relies on high-temporal-resolution of 
precipitation records that should be available for 10–20 
years at least (Brychta, Janeček, 2019). Since such data is 
often not available everywhere, several studies emerged to 
map the spatial distribution of R-factor values to promote 
regional soil erosion assessments and its easy application 

to land management or soil conservation practices 
(Angulo-Martínez et al., 2009; Goovaerts, 1999). 

In the last years, there were some efforts trying to update 
R-factor values in the Central European region based on 
the extended datasets in terms of both longer records and 
denser network of rain gauge stations (Brychta, Janeček, 
2019). Studies from Slovakia and the Czech Republic 
showed that the historically used values were significantly 
underestimated (Hanel et al., 2016; Onderka, Pecho, 2019) 
with the updated values twice as large as those historically 
used.

Despite these updates, several studies have already 
shown that soil erosion rates might significantly increase in 
the near future as a result of the expected climate change 
(Panagos et al., 2017). In Europe, the simulations using 
regional climate models revealed that the total number of 
rainfall events will decrease while rainfall intensities will 
increase especially for extreme rainfall events (Westra et 
al., 2014). Panagos et al. (2017) predict that these changes 
might increase the rainfall erosivity factor in Europe by as 
much as 18% by the end of 2050, with Central Europe being 
one of the most affected regions in Europe. 

The objective of this study is to estimate the expected 
change in R-factor due to climate change in one of the 
regions that are most severely affected by soil erosion in 
Slovakia. Within the study, high-resolution 1-minute rainfall 
data was used to build a regression model enabling to 
extend the dataset of rainfall erosive events in the region by 
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area (see Figure 1). The elevation of the 
stations is diverse and represents all 
elevation zones in the investigated area 
(see Table 1). For all stations, daily rainfall 
heights are available for a  30-year 
period between January 1st, 1981 and 
December 31st, 2010. In addition to 
the daily data, high-resolution tipping-
bucket rain gauge data in a 1-minute 
time step was available at Myjava and 
Senica stations. The high-resolution 
data covers only the “warm” period 
of the year when it is ensured that 
the precipitation occurs exclusively 
in its liquid state. For this study, this 
assumption was taken as the rainfall 
erosivity factor analysed here does not 
account for the erosive forces of thaw 
and snowmelt processes (Onderka, 
Pecho, 2019; Wischmeier, Smith, 1978). 
The high-resolution data then covers 
the months from April to October and 
a 15-year period between April 1st, 
1995 and October 31st, 2009.

Climate change scenarios
In order to assess the possible 
changes in the R-factor values due 
to the expected changes in climate, 
projections of daily precipitation totals 
for each station were included in the 
analysis. Scenarios of changes in daily 
precipitation totals in Slovakia have 
been prepared using model outputs 
from the Canadian Global General 
Circulation Model (GCM) called 
CGCM3.1 and the ICCP SRES-A1B 
(moderate) emission scenario, issued 
in 2011. The results were regionally 
downscaled using the KNMI (Dutch) 
Regional Circulation Model (RCM), 
which is based on the German ECHAM5 
GCM boundary conditions (Hlavčová et 
al., 2015; Lapin et al., 2012). The models 
were used to prepare projections of 
daily precipitation totals for a  period 
between 2011 and 2100. The data was 
split into three 30-year periods.

Estimation of R-factor from 
high-resolution data

Rainfall erosivity factor (R) is usually 
determined as the sum of erosive 
storm index values EI30 occurring 
during a mean year. EI30 of each storm 
is defined as a product of a total storm 
kinetic energy (E) and the maximum 
30-minute rainfall intensity (I30), 
where E is in MJ.ha-1 and I30 in mm.h-1. 
As not all of the observed rainfall 
events have a potential to cause 

stations for which only low-resolution 
daily rainfall data were available. The 
estimated at-site R-factor values were 
spatially interpolated to create rainfall 
erosivity maps of the region for the 
current and the three future periods.

Study area
The area of interest is situated in 
the western part of Slovakia. It 
encompasses the geomorphological 
units of the Myjava Hill Land, Chvojnica 
Hill Land and the northern part of the 
Bor Lowlands (Figure 1). The altitude in 
the area ranges between 160  m  a.s.l. 
(the western part near the rivers) and 
580 m a.s.l. (northern part in the hills). 
A large part of the area lies in the Myjava 
River catchment, which has historically 
been significantly influenced by 
anthropogenic processes represented 

mainly by massive deforestation and 
subsequent large-scale agriculture. 
Many of these changes took place in 
the second half of the 20th century, 
since when the region has been 
a  subject to increased occurrence of 
flash floods and significantly intensified 
erosion processes (Stankoviansky, 
2001). The mean annual rainfall in the 
area varies between 550 and 700 mm, 
with the mean annual air temperature 
of 9  °C (Figure 2). During the winter 
months, the elevated parts of the area 
are partially covered with snow that 
usually melts away with the first spring 
months.

Observed data
The rainfall data used in this study 
were taken from the national 
meteorological and climatological 
databases administered by the Slovak 
Hydrometeorological Institute. The data 
available come from 15 rain gauges that 
are evenly distributed over the study 

Material and method

Figure 1	 Location of the study area and the position of 15 rain gauge stations used 
in the analysis. White circles represent stations with low-resolution daily 
data and red circles with high-resolution 1-minute data

Figure 2	 Maps of mean annual precipitation in mm for the current (1980–2010) and 
the future periods (2011–2100)
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significant soil erosion, various authors have defined sets of 
rules to select only those events that can trigger soil erosion 
(Brychta, Janeček, 2017; Wischmeier, Smith, 1978). Although 
multiple authors tried to optimize the rules for a particular 
region, in this study, we decided to stick to the widely used 
selection criteria for comparative reasons as suggested by 
Onderka and Pecho (2019). In this study, a  rainfall event 
to be considered as potentially erosive had to match the 
following criteria:

1.	 individual rainfall events are separated from each 
other by at least 6  hours during which no rainfall 
occurs;

2.	 a minimum rainfall depth of such event is greater 
than 12.5 mm;

3.	 a maximum 15-minute rainfall intensity is greater 
than 6.25 mm.

After identifying the possible erosive rainfall events in 
the “warm” period of the year, the calculation of the R-factor 
was conducted using the metric version of the empirical 
equation that was originally developed by Wischmeier, 
Smith (1978). The high-resolution 1-minute rainfall data was 
available only in Myjava and Senica rain gauge stations. The 
R-factor was then computed using the following formula:

	 R	 (1)

where:
R	 –	 an average annual rainfall erosivity 

(MJ.mm.ha-1.h-1.yr-1)
n	 –	 the number of years covered by the data records 
mj	 –	 the number of erosive events of a given year j
EI30	 –	 the rainfall erosivity index (MJ.mm.ha-1.h-1) of 

a single event k

The event erosivity EI30 (MJ.mm.ha-1.h-1) is defined as:

		  (2)

where:
er	 –	 the unit rainfall energy (MJ.ha-1.mm-1)
vr	 –	 the rainfall volume (mm) during each interval r of 

rainfall event (in this case 1-minute)
I30 is the maximum rainfall intensity during a 30-minute 

period of the rainfall event (mm.h-1). The unit rainfall energy 
(er) is calculated for each 1-minute interval as follows:

		  (3)

where:
ir	 –	 the rainfall intensity during the interval (mm.h-1)

Estimation of R-factor from low-resolution data
In the case only low-resolution data is available, the R-factor 
can also be estimated from daily or monthly values of 
precipitation. In this study, we used the high-resolution 
rainfall data from stations Myjava and Senica to build 
a  relationship between the monthly storm erosivity index 
(EI30, month) and two independent variables represented by 
i) the monthly rainfall height for days where precipitation 
exceeds 10  mm (rain10) and ii) the monthly number of 
days where precipitation exceeds 10  mm (days10). All the 
three rainfall parameters were calculated from the high-
resolution rainfall data in the two stations for the “warm” 
months only. The EI30, month values were computed as the 
sum of EI30 for each erosive storm during the month. The 
rainfall parameters were then used to build a multiple linear 

Table 1	 List of rain gauge stations with the estimated values of mean annual R-factors

ID Location Elevation 
(m a.s.l)

R-factor (MJ.mm.ha-1.h-1.yr-1)

1981–2010 2011–2040 2041–2070 2071–2100

15060 Brezová pod Bradlom 290.0 455 526 535 522

18290 Buková 336.0 519 592 623 621

15150 Častkov – Havran 475.0 452 548 548 531

18220 Dobrá Voda 257.0 475 590 607 602

14060 Gbely 204.0 343 440 460 439

15080 Jablonica 204.0 450 513 523 526

18140 Košariská 319.0 453 522 547 522

15180 Mikulášov 236.0 402 497 479 502

15020 Myjava 349.0 435 484 503 484

14020 Radošovce 225.0 400 487 488 470

15200 Šaštín – Stráže 172.0 353 452 465 453

15140 Senica 195.0 372 447 451 437

15120 Sobotište 240.0 438 527 529 508

15040 Turá Lúka 295.0 421 511 518 502

15100 Vrbovce 310.0 467 547 559 542

-
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regression model with EI30, month being the dependent and 
rain10 and days10 the independent variables. Such a model 
has already been successfully used by several authors 
(Ferreira, Panagopoulos, 2014; Goovaerts, 1999; Loureiro, 
Coutinho, 2001).

As the two stations with high-resolution rainfall data 
represent both higher and lower elevation zones in the area 
of interest, it was reasonable to merge the three rainfall 
parameters from both stations into one dataset (Goovaerts, 
1999; Loureiro, Coutinho, 2001). This should secure that the 
estimated model parameters could then be used to compute 
the EI30, month values for all stations with low-resolution 
rainfall data in the region. To estimate the R-factor for the 
stations with only low-resolution data available the rainfall 
parameters rain10 and days10 were computed from the daily 
data. In the next step, equation (4) was used to compute EI30, 
month values for each month available. As the parameters of 
the regression model were estimated using data from the 
“warm” part of the year only, the resulting R-factor is a sum 
of the positive monthly EI30, month values for months from 
April to October (Goovaerts, 1999).

Spatial mapping of R-factor
Different authors have already emphasized the need to 
extend the traditional at-site analysis of R-factor to account 
for its high spatial variability (Angulo-Martínez et al., 2009; 
Hanel et al., 2016). This is of large importance as a better 
understanding of the spatial variability and its relation to 
environmental variables (Ballabio et al., 2017; Hanel et al., 
2016; Meusburger et al., 2012; Panagos et al., 2015) would 
help to prepare better land management strategies and to 
identify preferential areas where action against soil erosion 
is needed. With the advent of Geographic Information 
Systems (GIS), various interpolation techniques have 
become available to produce high-quality maps of many 
different environmental characteristics. From among a large 
number of methods, many authors have reported that 
satisfactory results could be obtained using geostatistical 
methods such as ordinary or universal kriging (Angulo- 
-Martínez et al., 2009; Goovaerts, 1999).

In this study, ordinary kriging was used as the most 
common type of the kriging method. It relies on a correct 
estimation of the semivariogram model from the sample 
data. Since the estimation of the model parameters is based 
only on 15 observations, this type of model was preferred 
over the universal kriging or co-kriging, which require 
larger datasets to account for their increased complexities 
(Angulo-Martínez et al., 2009). The model uses a simple idea 
that the unknown erosivity value at the unsampled location 
is a linear combination of neighbouring observations. The 
unknown value can then be calculated using: 

		  (4)

where:
R* and Ri	 –	 unknown and observed values respectively
n	 –	 the total number of stations used in the 

interpolation
λi	 –	 a weight that is unique for each station

The kriging weights are determined such as to minimize the 
estimation variance, while ensuring the unbiasedness of the 
estimator. For more information, the reader is referred to 
a geostatistical textbook (Isaaks and Srivastava, 1989).

In the first step of the analysis, the high-resolution 1-minute 
rainfall data from stations Senica and Myjava were screened 
for possible erosive storms. During the “warm” part of the 
15-year period, 131 and 140 such storms were identified for 
the two stations, respectively. This represents approximately 
9 erosive storms per year, which complies with similar studies 
conducted in the region (Onderka, Pecho, 2019). For all the 
erosive storms identified, three monthly descriptive rainfall 
characteristics (EI30, month, rain10, days10) were calculated. The 
data showed that despite larger mean annual rainfall height 
in Myjava (Figure 2), the erosive storms from the two stations 
are very similar in terms of their time of occurrence and 
characteristics. Because of this, multiple linear regression 
model between the three rainfall characteristics was fitted 
using the merged dataset (excluding months without any 
precipitation). The model was fitted in MATLAB R2019b 
using its Curve fitting tool. The coefficient of determination 
r2 of the fit was 0.98 meaning that the model used was able 
to explain most of the variance in EI30, month. The regression 
model that was fitted to the merged dataset was given by 
the following equation:

	 EI30, month = 3.11 rain10 – 26.94 days10	 (5)

where:
EI30, month	 –	 the monthly storm erosivity index
rain10	 –	 the monthly rainfall height for days where 

precipitation exceeds 10 mm (mm)
days10	 –	 the monthly number of days where precipitation 

exceeds 10 mm
Equation (4) shows that the estimated rainfall erosivity is 
larger in months in which more rainfall falls in lesser number 
of days.

In the next step, this relationship was used to calculate 
the values of EI30, month from the low-resolution daily data 
for all the stations in the region. The estimated monthly 
values for the “warm” months were aggregated for each 
year and averaged over the 30-year periods of observation 
and climate scenario projections to get the mean R-factor 
estimates. The estimated R-factor values that are given in 
Table 1 show a significant increase between the current and 
all the future periods. In average, the difference between 
the R-factor estimated for the current dataset and any of the 
three climate scenario projection datasets is +20.5%. This 
complies with the results presented in Panagos et al. (2017) 
for Central Europe but is in contrast with the mean annual 
rainfall totals, where the difference is also positive but only 
around +8% in average (Figure 2). This could be explained 
by the fact that apart from the slight increase in the rainfall 
totals, the climate scenario projections also expect the 
interannual distribution of rainfall will change (Gera et al., 

Results and discussion
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2019; Kohnová et al., 2018; Lapin et al., 
2012). The results also indicate that the 
number and the severity of extreme 
rainfall events will increase, which will 
have large implications for not only 
land management or soil conservation 
practices, but also the operation of 
existing water management structures 
(Rončák et al., 2019). When comparing 
the three periods of the climate 
scenario projections, the estimated 
R-factors in the individual stations are 
very similar without any significant 
trend observed.

To better understand the spatial 
pattern of the R-factor in the region, 
ordinary kriging interpolation method 
was used to perform this task. Analysis 
of the empirical semivariograms 
showed that the best model of the 
semivariogram would be a simple 
linear model with no nugget effect. 
Despite the fact that R-factor values are 
very often associated with large spatial 
variability and temporal variability 
(Angulo-Martínez et al., 2009; Ballabio 
et al., 2017), the interpolated surfaces 
were rather smooth without any 
interpolation artifacts (see Figure 3). 
Figure  3 also shows that the R-factor 
follows the same pattern as mean 
annual rainfall (Figure 2) and gradually 
increases from west to east. The main 
reason for this is a strong orographic 
effect that is present in this region 

due to the prevailing west-east 
winds. When looking into the future, 
the analysis shows that the R-factor 
estimates will increase especially in the 
mountainous part of the region. This 
might mainly be problematic for the 
northern part (around Sobotište, Turá 
Lúka and Vrbovce), which was subject 
to the largest anthropogenic changes, 
accompanied by soil erosion (Hlavčová 
et al., 2019). In this part of the region, 
the estimated R-factor values will 
increase from around 420 to as much 
as 520 MJ.mm.ha-1.h-1.yr-1.

Conclusions
This study investigates the expected 
impact of climate change on mean 
annual rainfall erosivity factor (R) 
used in the USLE model. The analysis 
tried to compare the R-factor values 
estimated for four 30-year periods: one 
representing the current period (1981–
2010) and three the future periods 
(2011–2040, 2041–2070, 2071–2100). 
R-factor values for the specific periods 
were estimated from daily precipitation 
data based on a relationship build 
between three monthly rainfall 
characteristics estimated directly from 
high-resolution 1-minute precipitation 
data. The biggest changes could be 
observed between the current and 
any of the three future periods, where 
the R-factor values increased by as 

much as 20.5% in all stations. This 
might have severe consequences 
for the future development of the 
region as its northern part is already 
a subject to severe soil erosion. It is 
also a part of the region with multiple 
mid- to large-scale agricultural and 
forestry businesses, which might be 
threatened by the expected rise of soil 
erosion. This increase in R-factor for the 
future periods could be tracked down 
to the increased frequency of heavy 
precipitation days with higher rainfall 
intensities as projected by the regional 
climate model.

The information about the spatial 
distribution of the R-factor in this 
region is of great value as it is a very 
popular place for site, local or regional 
erosion studies (Németová et al., 2020; 
Nosko et al., 2019; Stankoviansky, 2003; 
Valent, Výleta and Danáčová, 2019). 
As many of these studies utilize a GIS 
implementation of the USLE model, 
the accuracy of the spatial distribution 
of the R-factor plays an important role 
in minimizing the uncertainties of soil 
loss estimates. 

Further research should focus 
on finding additional independent 
variables that could be used to improve 
the reliability of EI30, month estimates 
from daily rainfall data. Moreover, 
additional spatial interpolation 
methods could be tested, including 
those utilizing secondary variables 
such as elevation or rainfall to further 
reduce the estimation variance.
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