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Abstract: Soil erosion caused by intense rainfall events is one of the major problems affecting
agricultural and forest ecosystems. The Universal Soil Loss Equation (USLE) is probably the most
adopted approach for rainfall erosivity estimation, but in order to be properly employed it needs
high resolution rainfall data which are often unavailable. In this case, empirical formulas,
employing aggregated rainfall data, are commonly used. In this work, we select 12 empirical
formulas for the estimation of the USLE rainfall erosivity in order to assess their reliability.
Moreover, we used a Stochastic Rainfall Generator (SRG) to simulate a long and high-resolution
rainfall time series with the aim of assessing its application to rainfall erosivity estimations. From
the analysis, performed in the Rieti province of Central Italy, we identified three equations which
seem to provide better results. Moreover, the use of the selected SRG seems promising and it could
help in solving the problem of hydrological data scarcity and consequently guarantee major
accuracy in soil erosion estimation.

Keywords: soil erosion; soil loss; rainfall erosivity; R-factor; Rieti province; synthetic rainfall
generator; USLE

1. Introduction

Soil erosion caused by intense rainfall events is recognized as one of the major
problems affecting agricultural and forest ecosystems [1]. Heavy rainfall can indeed
provoke phenomena such as shallow landslides, soil loss, pollution of water bodies and
can decrease crop productivity [2]. Studies on soil erosion, aiming to select solutions for
limiting the soil loss, are hence crucial for conserving and protecting the environment [3].
Since the first decades of the last century, they have increased in number and variety and,
in recent years, the soil loss due to rainfall erosivity has been systematically analyzed [4].

Many mathematical models of soil erosion have been developed by the scientific
community. One pivotal contribution can be represented by the studies of Wischmeier
and Smith [5,6], which gave birth to the worldwide known Universal Soil Loss Equation
(USLE), later rearranged in the revised USLE (RUSLE) [7,8]. USLE and its modifications
are probably the most adopted approaches to estimate soil erosion.

The soil erosion caused by heavy rainfall occurs with the detachment of soil particles
due to the impact of the raindrops and the subsequent downslope transport of the
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detached material [9]. This is a complex phenomenon that is a combination of different
rainfall characteristics, such as intensity and duration, mass and diameter of rainfall
drops, plus other factors depending on soil properties, e.g., topographic characteristics,
and agroforestry practices.

Concerning rainfall erosivity, USLE expresses the impact of rainfall on soil loss using
a rainfall erosivity factor, R. In the original formulation, the R-factor has been defined as
the summation of the total storm energy (E) of an erosive rainfall event multiplied by the
corresponding maximum rainfall intensity calculated at 30 min resolution (I30) within a
certain period, for instance, one year [10]. The original method requires the use of
continuous long-term and high-resolution rainfall data for its proper application, but
unfortunately this kind of information is usually difficult to obtain due to the commonly
reduced number and unequal spatial distribution of rain gauge stations where
pluviographic data are available [11]. A second drawback is represented by the common
lack of long-term high-resolution rainfall data [12], leading to a low availability of accurate
R-factor values for many countries [13].

In order to overcome such drawbacks, the original R-factor calculation is often
replaced by the use of empirical formulas, where simple pluviometric information, such
as annual, monthly or daily rainfall amounts are present [14-16]. However, empirical
equations should be applied with caution, because they are usually based on regressions
among locally measured data and cannot be applied in larger areas [17]. Moreover, such
formulas could not capture the high rainfall intensities, which usually occur at very short
time scales and have a significant influence on rainfall erosivity [12]. Indeed, hydrological
estimation measures in small and ungauged basins represent a challenging and open
research topic for hydrologists [18].

Consequently, in this context of uncertainty, the use of Stochastic Rainfall Generators
(SRG) appears helpful for a more in-depth analysis of rainfall-related processes, mainly
for obtaining long rainfall time series which are representative of rainfall fields at
hydrological spatial and temporal scales. The use of a SRG for rainfall-related processes
analyses has been successfully tested in a wide variety of climatic conditions [19-23].
However, some works [24,25] showed that R-factors calculated using synthetic rainfall
series often need to be calibrated due to systematic discrepancies of real R-factor values.
Thus, we believe that the use of SRG should be more deeply investigated with the aim to
assess their application to rainfall erosivity estimation.

Considering all the aforementioned, the aims of the manuscript are as follows:

1. Toapply to a selected case study corresponding to the Rieti province, in Central Italy,
a selection of empirical formulas for the estimation of the rainfall erosivity using the
USLE approach, in order to assess the uncertainty in the rainfall erosivity estimation
due to the specific empirical formula. The most appropriate empirical formulas will
be assessed using a proposed index of reliability. It is noteworthy that the Rieti
province, characterized by a mountainous environment and a rainy climate, is
lacking an official R-factor map and an official rainfall erosivity estimation.

2. To apply, in one rain gauge station of Rieti province, a new and recently developed
SRG, parsimonious in terms of input parameters. The application of the SRG allows
the synthetic generation of a high-resolution time series that can be used for
estimating the rainfall erosivity, employing the same empirical formulas of previous
point 1), or using the original USLE formulation. Such application will allow
assessment if the proposed SRG can be a suitable alternative for the estimation of soil
erosion in case of rainfall data scarcity.

It is important to underline that the novelty of this work is represented by the use of
the proposed SRG for rainfall erosivity estimation, and by the introduction of the index of
reliability that gives the possibility to choose the most appropriate formula for each
selected case study. Moreover, the definition of rainfall erosivity maps for the province of
Rieti can be very important for land panning and management. Knowing the areas where
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a great R-factor value is supposed to be can be helpful in localizing areas prone to soil
erosion and hydro-geological risk.

The present manuscript is organized as follows: in chapter 2, materials and methods
are described. In particular, the paragraph describes the selected case study, reports the
investigated formulas, and illustrates the proposed SRG. In chapter 3, results are
presented and discussed, while in chapter 4 the conclusions are reported.

2. Materials and Methods
2.1. Study Area

The selected study area, shown in Figure 1, is the Rieti province, located in the Lazio
region of Central Italy. The study area has an extension equal to 2749 km? and it includes
73 municipalities with a total number of inhabitants greater than 155,000. The landscape,
vegetation and climate are vary extremely, for instance the elevations range from 25 to
almost 2500 m a.s.l.. Typical alluvial valleys, such as the Tiber River and Velino River
valleys are present; however, high mountains, such as Terminillo (2217 m) and Monte
Navegna (1508 m), that are part of the Apennines, are also visible.

“@l

Cascia s
A
Monteleone di Spoleto E
Ny

Totncacl ACittareale ¥

Narni Scalo  Terni A
A Piediluco Posta
Rivodutri
A . A
Wcolli sul Velg'lig gr
and ‘  Micigliano
Calvi dell'Umbria i
Velino a RietiA A Velino ad Antrodoco
lﬁvem a Ponte Felice A A SorgentiPeschiera
¢ Cittaducale
- Salte a San Martino
‘J““"'i.i, Poggio Mirteto g Brusciano
Torrita bee";ﬁa‘ Posticciola A
A‘ A Borgorose
4 Nerola A B
h Collalto Sabino ™
A
Licenza
DEM [m]
b High : 2458
0 75 150 300 Mean: 952 05 10 2

—t—t——Km 0 Low: 25 —t—t—Km

Figure 1. Study area localization. Left: Italy (grey border), Lazio region (red border), Rieti province
(filled green). Right: Rieti province digital elevation model (DEM) with rain gauge stations (blue
triangles) and Colli sul Velino rain gauge station (red square).

Climate and Vegetation of the Study Area

The Rieti province belongs to the Italian temperate eco-regional division [26]. This
division embraces the northern and inner part of the Italian peninsula, including the main
orographic chains of the Alps and the Apennines. It is characterized by a temperate
climate, with annual medium temperatures above 5°C and 4-8 months with medium
temperatures below 10°C. The mountain sectors above 1500 m present a prolonged winter
season. Annual thermal excursion is marked. The minimum temperatures of the coldest
month (January) are always below 3°C, not excluding the possibility of frosts, while the
maximum temperatures exceed 30°C in the warmest months (July and August) at hilly



Hydrology 2021, 8, 171

4 of 17

elevations. Annual precipitation ranges almost everywhere from 800 mm up to over 2000
mm, so the pluviometric regime can be considered as Continental (with a winter
minimum) or Apenninic (with a summer minimum and two maxima in autumn and
spring). In the summer season, the aridity period is generally not remarkable and, in any
case, shorter than 2 months.

With specific reference to the Rieti province, the annual precipitation ranges from
1200 to 1600 mm, with October, November, and December being the rainiest months [27].
Rainfall has two maxima, the main one in autumn and the second in late spring [28]. The
summer aridity period is limited to the months of July and August [27]. Figure 2 confirms
the descripted monthly trend. The winter season generally lasts 140 days, covering part
of spring [28]. Snow falls generally on hills and mountains, rarely on the valley where it
is instead possible to have some foggy days, especially during spring and autumn.

Regarding the rainfall data, all the rain gauge stations located inside the selected case
study area, and in the immediate external proximity, have been identified from the
regional hydrographic offices. Rain gauge stations used in the present work have been
selected with the compromise of having both a great number of stations, in order to
accurately describe the spatial rainfall distribution, and an adequate number of observed
years of rainfall data, in order to accurately characterize the temporal rainfall distribution.
In doing so, we selected 30 rain gauge stations, shown in Figure 1, characterized by a
continuous daily rainfall data availability ranging from 2008 to 2018, for a total of 11 years.
Although we are aware that 11 years is not a great number for an accurate statistical
rainfall estimation, it is noteworthy that the data scarcity is a common problem for
researchers and practitioners, leading often to analyze a limited number of rainfall data
for similar applications. Some examples can be found in Diodato and Bellocchi [4] and in
Porto [29], which analyzed stations with only 4 or 5 years of data for a rainfall erosivity
estimation employing the USLE formulation.
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Figure 2. Observed precipitation data in Rieti province from 2008 to 2018.

The majority (19) of the rain gauge stations here selected are located in Lazio region,
Rieti province. Five rain gauge stations are located in Lazio region, Roma province, and



Hydrology 2021, 8, 171

5 of 17

the remaining six rain gauge stations are located in Umbria region, in the provinces of
Perugia and Terni. From the retrieved daily data, it was possible to calculate the USLE R-
factor according to the methodologies presented in the following paragraphs.

The complex landscape of the Rieti province with river valleys characterized by the
presence of different lakes (the largest lakes are represented by the Ripasottile Lake,
located in the Rieti Plain and about 2 km long, and the Salto Lake in the Salto Valley, about
10 km long, and the surrounding Appenninic chains (Monti Reatini, mountains of Salto
and Turano valleys, Monti Sabini)) lead to a great variability in habitats and vegetation
patterns. River and lake vegetation in the valleys cohabit with extensive crops, mainly
maize and cereal cultivation [30], and olive trees on hills. With specific reference to the
forest vegetation, it appears similar to a mosaic due to the local variations in terms of
altitude, rainfall, temperature and sun exposure. The huge variation in altitude has
influenced the distribution of agricultural, silvicultural, and breeding activities during
time, and indirectly that of forests.

In relation to the altitude, it is possible to identify at least 15 different forest types.
Among them, the most important are beech forests (Fagus sylvatica), chestnuts forests
(Castanea sativa), deciduous oak forests (Quercus cerris, Q. robur and Q. pu-bescens) and
evergreen oak forests (Quercus ilex).

2.2. USLE R-Factor Original Calculation

Wischmeier [31] was the first to introduce a rainfall erosion index for the soil erosion
calculation, paving the way for the USLE - Universal Soil-Loss Equation [5,6]. USLE is one
of the most used empirical equations to calculate the theoretical soil erosion in a
determinate area, mainly because of its easy employment in terms of calculation and
reduced requirement of input data [32]. Since its development, this equation was subject
to different modifications and improvements, mainly made to allow its use in GIS
environments. It is for this reason that the RUSLE (Revised Universal Soil Loss Equation)
[7] was developed. The original USLE equation is expressed as follows:

A=RxKxLSxCxP (1)

where A is the annual soil erosion (t*ha*year), R is the rainfall erosivity factor (M] * mm
*ha*h'*year?), Kis the soil erodibility factor (t*ha"*[MJ*(ha*mm)'*ha']*year?), LS is
the product between length (L) and slope (S) factors (dimensionless), C is the soil coverage
and management factor (dimensionless) and P is the support practice factor
(dimensionless).

The rainfall erosivity factor represents the erosivity power that rainfall has on the soil
in a determinate area. In its first formulation, the R-factor was defined as the summation
of the total storm energy (E) of an erosive rainfall event multiplied by the corresponding
rainfall maximum intensity over a time span of 30 min (I30) within a certain time period,
for instance one year [10]. It was expressed as follows:

Bl (Bl ®

N

Where: Elso= ExIs; E = 916 + 331*loguo(I), with I being the rainfall intensity (in* h™);
(Emo)i is related to storm i-th and j is the total number of storms in an N-year period. It is
noteworthy that units of Equation (2) are imperial (R is expressed in 100 foot-ton * in *
acre™ * h™1* year™) and that results should be multiplied by 17.02 to convert in metric units
(R expressed in MJ * mm * ha™ * h™! * year™).

As it can be noted from Equation (2), the USLE R-factor calculation using the original
formulation is possible only if high resolution (at 30 min) rainfall data are available. Due
to data scarcity and inaccuracy of old rain gauge stations, many authors elaborated
alternative approaches for R-factor estimation, proposing different empirical formulas
that are reported in the following paragraph.

R =
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2.3. Alternative Approaches for USLE R-Factor Calculation

When high resolution rainfall data are not available, alternative approaches can be
used for calculating rainfall erosivity. Almost all these approaches make use of monthly
and yearly cumulative rainfall data, or the Modified Fournier Index [33,34]. From an
extensive literature analysis, we identified 12 empirical formulas, listed in Table 1, that
have been often applied in Mediterranean countries and in semiarid areas.

Table 1. Rainfall erosivity equations used in this work.

ID Equation Source
R = 0.302 x MFI-%3
Where:
MFI: Modified Fournier Index, MFI =
R1 yiz, o [35]
pi is the average monthly precipitation
and P is the average annual
precipitation.
R ={(4.17 x MFI) =152} x 17.02
Where:
MFI: Modified Fournier Index, MFI =
R2 yiz, o [34]
pi is the average monthly precipitation
and P is the average annual
precipitation.
R =38.46+3.48 X P
R3 Where: P is the average annual [36]
precipitation.
R =587.8 — 1.219P + 0.004105P2
R4 Where: P is the average annual [37]
precipitation.
R = 0.0483 x p161
R5 Where: P is the average annual [37]
precipitation.
R = 0.739 x MF['847
Where:
MFI: Modified Fournier Index, MFI =
R6 yiz, i [37]
pi is the average monthly precipitation
and P is the average annual
precipitation.
R =3.82 x MF[**!
Where:
MFI: Modified Fournier Index, MFI =
R7 yiz, B [38]
pi is the average monthly precipitation
and P is the average annual
precipitation.
R =0.092 x p**®
R8 Where: P is the average annual [39]
precipitation.
R9 R =4.04+P—965.53 [39]
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Where: P is the average annual
precipitation.

R10

R =3.08%xP—944
Where: P is the average annual [40]
precipitation.

R11

12
R= Z Eiso
1
Where: Elz0=7.05*RAIN1o -
88.92*DAYSi10
DAYSio=sum of the days in a month [41]
where it rained more than 10mm.
RAIN10= mean monthly precipitation
in those months where it rained more
than 10mm in a day.

R12

12
R= Z Eiso
1
Where: Eiz, = 6.56 X RAIN;, — 75.09 X
DAYS;,
DAYSio=sum of the days in a month [42]
where it rained more than 10mm.
RAIN1o= mean monthly precipitation
in those months where it rained more
than 10mm in a day.

The use of the 12 investigated empirical formulas allowed the calculation of rainfall
erosivity for all the selected rain gauge stations using the daily data recorded in the period
2008-2018, assessing the uncertainty in the rainfall erosivity estimation due to the specific
applied formulation.

From the values of rainfall erosivity estimated at the rain gauge stations, it was
possible to create rainfall erosivity GIS maps, using the software ArcMap 10.6 and a
Kriging interpolation. This allowed us to create rainfall erosivity maps of the province of
Rieti for all the empirical analyzed formulas.

2.4. The Stochastic Rainfall Generator (SRG)

Many works (see [43], for a list of references) highlighted the capacity of a specific
class of SRGs, i.e., the Poisson cluster models, to satisfactorily reproduce observed
summary statistics, such as mean, variance, skewness, proportion of dry/wet periods, and
k-lag autocorrelation values, of the continuous rainfall process at several fine time scales.
Poisson cluster models mainly comprise of Neyman-Scott and Bartlett-Lewis families,
which perform equally well [43]. In this context, the most adopted shape for a rain cell in
literature, i.e., the rectangular one, is considered in this work and then the Neyman-Scott
Rectangular Pulses (NSRP, [43]) are adopted.

The NSRP model is based on the following assumptions from a) to d) (see Figure 3):
a) the inter-arrival time between the origins of two consecutive storms is assumed as an
independent and identically distributed random variable, and it follows an exponential
distribution; b) each storm includes a number of rain cells (also indicated as bursts or
pulses). Such a number is set as geometrically distributed, with the goal of having at least
one burst for each storm. Each burst origin occurs, from the associated storm origin, after
a waiting time, which is assumed as an exponentially distributed variable; c) each burst
has a rectangular shape, with an intensity and a duration that are both considered as
exponential distributed; and d) the total precipitation intensity at time t is then calculated
as the sum of the intensities that are related to the active bursts at time t, starting from
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rainfall intensities, the aggregated process, i.e., the rainfall height cumulated at the desired
temporal resolution, can be calculated.

2) — 4 0

w

b

c)—O—l N—-l-o —t —

d

Figure 3. Representation of the (NSRP) stochastic process for at-site rainfall modeling (from [43]):
(a) occurrences of storms; (b) for each storm, determination of the number of pulses and their
temporal occurrences; (c) estimation of intensity and duration for all the pulses; (d) calculus of
total intensity at time t.

The model has a set of parameters that are usually calibrated by minimizing an
objective function, which is defined as the sum of residuals between the considered
statistical properties of the observed data at chosen resolutions and their theoretical
expressions. The statistical properties are typically referred to as a high-resolution
continuous time series. However, continuous high-resolution data sets are very short or
absent in many locations, with respect to Annual Maximum Rainfall (AMR) with different
durations that usually are available with an adequate sample size. For this reason, the
possibility to calibrate the model using only AMR data [43—45] and basic statistics, such
as cumulate values for monthly or annual rainfall, has been adopted here. Such choice
allows for a better reconstruction of extreme events, which are of main interest in many
hydrological studies, for instance in the case of soil erosion caused by intense rainfall
events.

Moreover, De Luca et al. [46,47] proposed a parsimonious modelling of seasonality,
which was adopted in this work. The goal is to avoid an over parameterization by using
monthly or seasonal parameter sets. In detail, due to the fact that the information
regarding the seasonality of the rainfall process during the year is lost with the use of an
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AMR series, a simple goniometric series can be defined for any summary statistic of
interest for the model.

In conclusion, the NSRP model is calibrated here by selecting the set of parameters,
which optimizes the reproduction of mean values for hourly/multi-hourly AMR, plus the
cumulative values for the annual rainfall. Then, validation is carried out by comparing the
sample and theoretical Amount-Duration-Frequency (ADF) curves for hourly and multi-
hourly rainfall heights.

The described NRSP model has been applied in one of the previously described rain
gauge stations, i.e., Colli sul Velino station (see Figure 1). The choice of such a station is
due to the availability of both daily rainfall data and AMR rainfall data for different
durations, a circumstance that allows the comparison of modeled and observed rainfall
data not only for daily durations, but also for sub-daily durations. The comparison will
allow an assessment if the proposed SRG can be a suitable alternative for the estimation
of rainfall erosivity.

3. Results and Discussion
3.1. Analysis of Rainfall Erosivity in Rieti Province

Rainfall erosivity has been calculated using 12 empirical formulas (Tablel). After
having calculated, for every single year the rainfall erosivity values, the mean, maximum
and minimum values for each equation were examined for the whole period. The average
rainfall erosivity values have been reported in Figure 4, where rain gauge stations are
numbered in order of decreasing observed yearly cumulative rainfall value.

It is interesting to note the spatial geomorphological characteristics of the study area.
In Figure 5, the rainfall erosivity maps obtained with the 12 investigated empirical
formulas are shown. As it is possible to see, even if the maximum rainfall erosivity values
vary a lot between all the maps, these are always located in the Monte Terminillo area,
where the highest mountains of the province are located. It is also interesting to note that
other high mountains are located in the South East part of the Rieti province, but not so
high rainfall erosivity values have been obtained for such stations.

Finally, Figure 6 shows the minimum, average, and maximum rainfall erosivity
values for all the formulas investigated, considering all years from 2008 to 2018. As it
possible to see, there are not big differences between the average values of all the
formulas. Only R2, R6, and R10 are quite different, with R2 and R6 having a higher value
than the mean, and R10 a lower value than the mean. Concerning the minimum rainfall
erosivity values, they too are similar, and the differences are negligible.
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Figure 4. Average rainfall erosivity values obtained with the selected 12 formulas for each Rain gauge station. The stations
were numbered in order of decreasing observed yearly cumulative rainfall value.

Even if the average and minimum values are similar, we can observe strong
differences between all the formulas in the maximum rainfall erosivity values. Here the
difference of the values can vary from about 8000 MJ mm ha h! year, that is the lowest
maximum value (R10), to more than 24,000 M] mm ha h! year™ for R4 and R6 formulas.

The rain gauge station that generated the maximum rainfall erosivity values is the
Monte Terminillo station (Station number 18 in Figure 4), in the year 2010. In the year
2010, it is possible to see that 14 of the rain gauge stations produced their rainfall erosivity
maximum values.

The rainfall erosivity equations that generated the maximum values are R4 and R6,
both coming from Renard and Freimund'’s research [37]. The first one utilizes the annual
mean precipitation, the second one the Modified Fournier Index (MFI), and both are
exponential equations. It is interesting to note that R5, that comes from the same research,
does not have such a high maximum rainfall erosivity value. Indeed, the maximum value
for this equation is almost 15,000 M] mm ha™ h™' year-!, while R4 and R6 present a 25000
MJ mm ha™ h™ year-!value.

From the aforementioned analysis, it is not possible to individuate a reference
equation to estimate the rainfall erosivity, probably because too few rainfall data are
available. In fact, the sample of data at our disposal is not "hydrologically" significant.

In order to overcome the scarce availability of rainfall data and to individuate a
reference equation for rainfall erosivity, an additional analysis has been conducted, using
50 years of synthetic rainfall time series generated for Colle sul Velino rain gauge station
(Station number 13 in Figure 4). The rain gauge station choice is based on the
considerations seen in Figure 5, where it appears evident that Colli sul Velino station
could be considered representative of the whole study area, considering both the average
rainfall erosivity values and the precipitation data.
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Figure 6. Minimum, average, and maximum rainfall erosivity values obtained with the 12 selected
formulas.

3.2. Analysis of the Synthetically Generated Rainfall Time Series

By employing the proposed NSRP model, 50 years of synthetic rainfall time series at
30 min resolution have been generated for Colli sul Velino raingauge station. As
previously mentioned, for the selected station, both daily both AMR rainfall data for the
durations D of 1, 3, 6, 12, and 24 h are available. Before employing the synthetic rainfall
time series for the R-factor estimation, a comparison analysis with observed rainfall data
is desirable in order to verify if the synthetic rainfall series can be representative of the
case study rainfall field. For the sake of brevity, and since the focus is here on the soil
erosion due to extreme rainfall events, the comparison is performed by analyzing the
corresponding AMR for the recorded rainfall durations.

In Figure 7 the relationships between the return period (Tr) and the observed AMR
in terms of cumulative rainfall values (hp) are shown. The return period has been
estimated according to the Weibull empirical cumulative distribution [48]. As it can be
seen from Figure 7, the NSRP application is characterized by good performances. In
particular, for D =1 h we have a slight overestimation for Tr lower than 5 years, and then
the differences decrease for higher Tr. For D = 3 h and D = 6 h we have a slight
overestimation, for Tr lower than 2 years, and a slight underestimation for Tr higher than
3 years, then the differences decrease for higher Tr. For D = 12 h we have a moderate
underestimation for Tr higher than 3 years. Finally, for D = 24 h we have a moderate
underestimation for Tr higher than 3 years; however, the differences decrease for higher
Tr.

Looking at Figure 7, the best performances of the model are obtained for D=1, 3 and
6 h. Since a short duration (e.g., a few hours) rainfall is generally characterized by a high
rainfall intensity, and since we are focusing here on soil erosion caused by extreme rainfall
events, the obtained results seem to justify the use of the synthetic rainfall time series for
R-factor calculation.
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Figure 7. Relationships, for different rainfall durations (D), among return periods (Tr) and cumulative values of annual

maxima rainfall (hp).

3.3. Comparison between Rainfall Erosivity Values Using Observed and Modelled Rainfall for
the Station “Colli sul Velino”

Using the investigated 12 equations, a comparison between rainfall erosivity values
obtained using synthetically generated and observed rainfall data has been conducted, in
order to identify the most reliable equation to calculate rainfall erosivity in the study area.

Figure 8 shows, for all equations, the variability of R-factor for the Colli sul Velino
rain gauge station. In the graph, average values of 12 simulated and observed data are
shown, where the red line represents the average of 12 values obtained considering the
synthetically generated rainfall data, while the black dashed line represents the average

of 12 values obtained considering the observed data.



Hydrology 2021, 8, 171

14 of 17

R value [MJ mm ha 1 nl year_]]

9,000

8,000

7,000

6,000

5,000 1

4,000 -

3,000

2,000

Simulated values

- Observed values

Average simulated values

- - - - Average observed values

R2 R3 R4 R5 R6 R7 R8 R9 RIO RIl RI2
R Formula [-]

Figure 8. Rainfall erosivity value obtained with the 12 investigated equations, respectively, with simulated and observed
rainfall data set. The red line represents the average of 12 values obtained considering the synthetically generated rainfall
data, while the black dashed line represents the average of 12 values obtained considering the observed data.

The dimensionless ratio between the rainfall erosivity value and its average value
has been calculated for the simulated and observed rainfall data set. Through this
dimensionless ratio, it was possible to establish, with the procedure described below, the
degree of reliability of each equation.

The equation reliability degree can be high, medium or low. In particular, if the
equation presents at least one of the following characteristics it will be assigned a low
degree of reliability:

¢ Both values of columns 4 and 5 of Table 2 differ from the unitary value by +/- 15%;

* Only one of the columns 4 and 5 of Table 2 differs from the unitary value by +/-
15% and these values are opposite (for example one greater than the unitary value and
the other smaller).

The degree of reliability is evaluated as "medium" if the following conditions are met:

* Only one of the columns 4 and 5 of Table 2 differs from the unitary value by +/-
15%, but these values are both greater or smaller than the unitary value;

* Both the values of columns 4 and 5 of Table 2 differ from the unitary value by less
than +/- 15% and these values are opposite (for example one greater than the unit and the
other smaller).

Finally, the degree of reliability is rated "high" if the following conditions are met:

¢ Both the values of columns 4 and 5 of Table 2 differ from the unitary value by less
than +/- 15%, but these values are both greater or smaller than the unitary value;
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¢ Both the values of columns 4 and 5 of Table 2 differ from the unitary value by less
than +/- 10% and these values are opposite (for example one greater than the unit and the
other smaller).

Table 2. Equation reliability degree based on rainfall erosivity values using simulated and observed
rainfall for rain gauge station Colli sul Velino.

Rainfall Rainfall Ratio with Ratio with

. erosivity  erosivity average average Eq.uat'i('m
Equation value - value - value - value - reliability
simulated observed simulated observed degree
No.1 5238.92 3704.38 1.16 0.88 Low
No.2 7875.30 6232.32 1.74 1.48 Low
No.3 3700.09 3967.76 0.82 0.94 Medium
No.4 4061.81 4671.93 0.90 1.11 Medium
No.5 3624.35 4055.61 0.80 0.96 Medium
No.6 8329.25 6031.61 1.84 1.43 Low
No.7 4531.35 3663.48 1.00 0.87 High
No.8 3125.44 3470.80 0.69 0.82 Low
No.9 3286.59 3597.43 0.73 0.85 Low
No.10 2296.75 2533.66 0.51 0.60 Low
No.11 4208.30 4403.50 0.93 1.04 High
No.12 4115.87 4329.42 0.91 1.03 High

From the data reported in Table 2 we can conclude that:

(i) the dimensionless ratio between rainfall erosivity values obtained using simulated
rainfall and their average values only three times greater than 1 (equations no. 1-2-6),
while the same ratio calculated with observed rainfall data is five times greater than 1
(equations no. 2-4-6-11-12). In general, in 8 times out of 12, the analysis on the observed
rainfall data returns higher rainfall erosivity values; this aspect could be due to the larger
sample data considered by modelled analysis.

(if) Equations no. 11 and 12 [41,42], both validated for Mediterranean zones, confirm
a high reliability degree for the observed data set that, as said, is very small.

(iif) Equation no. 7 [38] provides the better result for the synthetic data set. This
demonstrates the adequacy of Yu and Rosewell’s equation for estimating the R-factor, one
of the most used in international literature.

4. Conclusions

Intergovernmental Panel on Climate Change (IPCC) reports have shown higher
precipitation projections, increasing the risk of soil loss by water runoff in the next
century.

Therefore, evaluation of the rainfall erosivity is an important task, the determination
of which affects the correct evaluation of soil erosion. In this paper, rainfall erosivity
variability in the Rieti province of Central Italy has been investigated, analyzing 12
empirical formulas, suggested by literature, and using rainfall daily data observed from
2008 to 2018.

Starting from these premises, this work describes the efforts made to develop a
methodology for rainfall erosivity evaluation in the case of ungauged or scarcely gauged
areas. In fact, despite the fact that in the literature there are several equations to estimate
rainfall erosivity, these two conditions represent a strong constrain to individuate the
more reliable approach.

Results of numerical tests carried out for the Colli sul Velino rain gauge station were
presented and discussed. In particular, the observed rainfall data were compared with
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numerical results obtained using a synthetic rainfall generator model developed by De
Luca et al. [44-48]. Some peculiar features were observed.

The results reported in Figure 8 show consistent behavior across the three equations.
In particular, it is interesting to note that equation no. 7 [38] represents one of the most
used and one of oldest available in the literature. Particularly important are two other
equations (no. 11 and 12) [41,42] that were developed for a Mediterranean habitat.

In our opinion, the use of a synthetic rainfall time series could help in solving the
problem of hydrological data scarcity and consequently, guarantee major accuracy in
estimating the R-factor for soil erosion evaluation.

Moreover, the availability of other rainfall data and the installation of new rain gauge
stations in the Rieti province will make an upgrade of this work possible that could be
seen as an interesting initial shift in the Lazio region’s soil loss management, which is still
grounded in merely theoretical approaches.
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