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Abstract 10 

Purpose In recent decades, soil erosion has been recognized as a serious environmental problem in many countries of the 11 

world and the impacts of climate change have focused attention on potential changes in erosion rates that could further 12 

increase such problem. These impacts are documented by a general decrease of annual precipitation and a corresponding 13 

increase in the number of heavy rainfall events, intensity and frequency that accelerate the loss of fertile soil material.  14 

Materials and methods Direct observations of soil loss obtained during the period 2006-2016 on five experimental plots 15 

in Southern Italy were preliminarily presented and discussed. These measurements, using a calibratedwere used to 16 

calibrate the RUSLE model that, coupled with independent long-term measurements of rainfall erosivity, allowed 17 

calculation of soil erosion from 1954 to date.  18 

Results and discussion The plot measurements showed annual values of soil erosion generally higher than the long-term 19 

estimates provided by the RUSLE (1954-2019) suggesting an increasing trend of soil erosion rates during the last 20-25 20 

years. On the contrary, a decreasing trend of the annual rainfall measurements can be observed for the same period.  21 

Conclusions The overall results demonstrated that models like the RUSLE can be considered a useful tool to individuate 22 

changes of erosion rates and to isolate the effect of climate change on soil loss. Also, the opposite trend obtained for the 23 

annual rainfall measurements suggests that these should not be used to explore the effects of climate change in 24 

Mediterranean areas but measurements of rainfall at shorter time intervals (≤ 30 minutes) are necessary.  25 

Keywords Soil erosion • Experimental plots • RUSLE • Climate change • Southern Italy. 26 
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 27 

1 INTRODUCTION 28 

In the last decades, the impact of climate change on human activities and world economy has attracted increasing interest 29 

from the scientific community. According to IPCC (2018), a general increase of temperature and a change in precipitation 30 

trends have been documented by many studies over the world (Dore 2005; Alexander 2016). Specific examples are 31 

provided in USA by Karl and Knight (1998) that, analysing secular trends of rainfall, established that a general increase 32 

in precipitation, reflected primarily in the heavy and extreme daily precipitation events, can be observed. Similar results, 33 

related to the intensity distribution of daily precipitation amounts, were observed by Osborne et al. (2000) in UK, Suppiah 34 

and Hennessy (1998) in Australia, and Mason et al. (1999) in South Africa. In central and western Europe, Moberg and 35 

Jones (2005) documented a significant increase of precipitation trends over the 20th century for both average precipitation 36 

intensity and moderately strong events. Recent studies carried out in southern Italy indicated a general increase in the 37 

number of heavy precipitation events, intensity and frequency since about 1950 (Capra et al. 2017).  38 

These effects have important consequences for environmental risks such as floods, landslides, and land degradation. The 39 

latter includes both rates of soil erosion in upland cultivated areas and sediment delivered downstream. The effects of soil 40 

erosion in cultivated areas consist mainly of reducing soil productivity and food security (on-site effects) by loss of 41 

organic matter and crop yield depression that increases the risk of land abandonment (Kolouri and Giourga 2007; Romero-42 

Díaz et al. 2017) and the decline of rural community (Bakker et al. 2005). The effects caused by the amount of sediment 43 

generated in the upland areas and delivered downstream (off-site effects) are even morealso dangerous as they can 44 

increase pollution of rivers (Boardman and Poesen 2006; Yi et al. 2008; Wen et al. 2017), reduce water resources in the 45 

reservoirs (Pimentel et al. 1995; De Araújo et al. 2006), and affect the stability of aquatic ecosystems (Palmer et al. 2009). 46 

However, problems of land degradation are also affected by other drivers such as urban sprawl, changes in land use, land 47 

abandonment, and other social factors (Shao et al. 2021). For these reasons, in the absence of specific experimental sites 48 

able to produce field measurements, it is difficult to establish the precise causes of land degradation. In this context, 49 

documenting rates of soil erosion in representative specific experimental sites that are representative of contexts of similar 50 

characteristics can be an important tool to understand better the consequences of climate change on larger areaslarger 51 

areas and on long-term temporal scale. 52 

Experimental plots, equipped specifically for monitoring rainfall, runoff and soil loss, proved to be an important means 53 

to obtain information on the impacts of soil properties, land use, crop management etc. on erosion rates erosion rates 54 

because external factors are under control (Loughran 1989). However, despite their utility, some difficulties to extrapolate 55 
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the results for larger spatial scales or different time windows for which no direct measurements are available must be 56 

recognized (see Evwans 1995; Boardman 2006). In recent years, the attempt to compile an extensive database of short to 57 

medium-term erosion rates as measured on erosion plots in Europe and Mediterranean regions under natural rainfall was 58 

made by several authors (see Cerdan et al. 2010; Maetens et al. 2012). Even if this effort produced the largest (227 plot-59 

measuring sites) database of plot runoff and soil loss data in Europe (Maetens et al. 2012), these measurements are 60 

frequently limited to the period of the experiments (normally, a few years) and it is difficult to extend their temporal trend 61 

in the absence of retrospective information. In other words, this large dataset is very useful to investigate the effects of 62 

land use, soil type and topography but insufficient data about climate precludes any statistical analysis aimed at identifying 63 

possible trends in soil erosion rates (see Cerdan et al. 2010). In such situations, the use of calibrated models, in which the 64 

climate component is taken into account, can be very useful. 65 

In this respect, numerical models of different generations have been employed to predict soil loss in the absence of direct 66 

measurements during the last decades. These models can be based on empirical approaches, such as the Universal Soil 67 

Loss Equation (Wischmeier and Smith 1978) and its derived version (Renard et al. 1994), on simple correlation analyses 68 

between soil erosion and topography (Bagarello et al. 2011; 2018), or on more complex algorithms of calculation that 69 

interpret physical processes related to detachment and transport of soil particles (Nearing et al. 1989). However, even if 70 

their use proved to be very effective for a short-time scale, it is important to note that such models should be calibrated 71 

and validated to provide reliable results for larger time windows in which possible effects due to climate change can be 72 

expected. Results in this direction were obtained by several authors. Chaplot (2007) and Ficklin et al. (2009), for example, 73 

explored the performance of the SWAT model to predict long-term soil loss in cultivated areas of the USA. Pandey et al. 74 

(2017), in India, tested the hydrological component of the SWAT model in areas affected by climate change. Pruski and 75 

Nearing (2002a,b) provided long-term simulations of soil loss using WEPP coupled with historical rainfall datasets 76 

available in three different locations of the USA. Pal and Chakrabortty (2019) made a long-term application of the RUSLE 77 

model to evaluate the impact of climate change on soil erosion in sub-tropical monsoon areas in the West Bengal state of 78 

eastern India. Favis-Mortlock and Boardman (1995) used the EPIC model to evaluate changes on erosion rate in the UK. 79 

However, it must be recognized that most of these contributions, even if USLE derived, are based on simulation exercises 80 

in which the rainfall erosivity is not calculated using the basic approach proposed by Wischmeier and Smith (1978) that 81 

requires the knowledge of rainfall energy at event scale, but it is derived from indirect relationships with daily or monthly 82 

rainfall, using simplified approaches like Arnoldus index (Pal and Chakrabortty 2019) or applying more sophisticated 83 

climate generators like CLIGEN (Pruski and Nearing 2002a,b). The importance of direct observations of rainfall erosivity 84 

was emphasized by Wischmeier and Smith (1978) that suggested a period of at least 22 years of measurements for 85 
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calculating the R-factor (Renard et al. 1997). However, as pointed out by Verstraeten et al. (2006), this period of 22 years 86 

is recommended because very few detailed rainfall data records exist for a longer time period in areas outside the USA 87 

where the USLE was developed. Verstraeten et al. (2006), provided an example of long-term dataset of rainfall erosivity 88 

analysing a record of 10-min rainfall (105 years) in Belgium. These authors established that average 10-year erosion rates 89 

calculated with the RUSLE have increased by 24–34% from the first decade (1903–1912) to the last one (1993–2002) of 90 

the study period, as a consequence of changing rain erosivity through time and encouraged the use of long-term records 91 

of short time-interval rainfall in simulation exercises.  92 

Recent studies carried out at a plot scale in Southern Italy documented high rates of soil erosion both on cultivated lands 93 

(Bagarello et al. 2010) and in areas subject to afforestation that support discontinuous forest cover (Khodadadi et al. 94 

2020). In these areas, several attempts to calibrate and validate numerical models like RUSLE (Di Stefano et al. 1999), 95 

MUSLE (Cinnirella et al. 1998), USLE-M (Bagarello et al. 2018), and SEDD (Porto and Callegari 2021) have been 96 

successful in their ability to reproduce soil erosion rates or sediment yield both at plot and at catchment scale for short 97 

time windows. However, the absence of long-term measurements and the general difficulty of obtaining equivalent 98 

records of model input parameters like rainfall erosivity or crop factors precluded specific studies aimed at investigating 99 

long-term soil erosion rates in Italy. A few exceptions are related to the combined use of radiotracers 137Cs and 210Pbex 100 

that in view of their ability to obtain retrospective information on soil erosion for different time windows provided 101 

important results in this direction (see Porto et al. 2016; 2018). 102 

In this contribution, direct observations of soil erosion obtained in 5 experimental plots during 11 years of investigation 103 

were combined with a long-term record of rainfall erosivity to reconstruct a trend of soil loss in a typical upland area of 104 

Southern Italy. More specifically, the measurements of soil loss served to calibrate the RUSLE model for cultivated soils 105 

supporting typical Mediterranean crops and the rainfall erosivity data were used to derive estimates of erosion rates during 106 

the last 6-7 decades. This experiment provided evidence of a change of erosion rates during the last 2-3 decades 107 

emphasizing the effect of climate change on soil erosion in cultivated lands in Mediterranean areas. 108 

 109 

2 MATERIAL AND METHODS 110 

The study area (38°16’ N, 15°49’ E) is located in Calabria, Southern Italy at an elevation of 585 m a.s.l. (Fig. 1). The 111 

climate is typically Mediterranean, characterized by a rainy season extending from October to March and a dry summer 112 

during which occasional thunderstorms may occur. The annual precipitation (Pa), measured at the rainfall station of Santa 113 

Cristina d’Aspromonte, is approximately 1470 mm (Arpacal datasets 1939-2019). Mean annual temperatures range from 114 
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14 °C to 15 °C, based on local reports (Arpacal datasets 1988-2020). The land use is characterized by cultivated soils 115 

where traditional arable and vegetable crops are grown. In 2005, the Department of Agraria of the University 116 

‘Mediterranea’ of Reggio Calabria established five (5m x 25m) experimental plots (Fig. 1) to explore the effect of different 117 

cropping systems on runoff and soil loss (Preiti et al. 2017).  118 

 119 

Fig. 1 – The study area and the experimental plots 120 

The plots were built on a 10% slope and support Typic Hapludands soils characterised by a silty loam texture (20% sand, 121 

76% silt, and 4% clay). The plots were established, with minimum soil disturbance, over an area subject to traditional 122 

cultivation in order to make the measurements representative for the local area. In this respect, plot 1 has been maintained 123 

bare since the beginning of the experiment, by up and down slope tillage operations according to Wischmeier and Smith 124 

(1978). Three plots (plot 2, 3, and 4) have supported different crops typical of the area that include rye, lupin, wheat, oat, 125 

cauliflower, sorghum, potatoes, tall fescue, horseradish, aubergines, trifolium. These were cultivated using similar 126 

management systems but with different inter-annual rotations. Plot 5 was covered mainly by natural vegetation, tall fescue 127 

and lupin and was subjected to minimal tillage and crop operations during the last six years of measurements. Also, crop 128 

residues were left on soil surface after each tillage operation. This choice was made to explore the effect of conservative 129 

techniques on soil loss (for soil and crop management details see Preiti et al. 2017). 130 

Runoff and soil loss were measured for each plot, at event scale, for the period 2006-2016. More specifically, the runoff 131 

and soil loss were collected by gutters installed along the lower ends of each plot and diverted into a sized tank located at 132 

the base of the plot (see Fig. 1). Sampling of water and sediment stored in the tanks was undertaken two-three days after 133 

the end of each rainfall event. The sediment deposited on the bottom of the tank was collected and transported to the 134 

laboratory of the Department of Agraria where it was oven dried at 60 °C and weighed to determine its mass. The 135 

measurements of soil loss used in this experiment are related to 135 events that have occurred during the period from 136 

January 2006 to December 2016. 137 

 138 

3 RESULTS 139 

3.1 The measured values of soil loss obtained for the study period 140 

The empirical frequency of the total annual soil losses obtained for the period 2006-2016 is illustrated in Fig. 2 for each 141 

experimental plot.  142 
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 143 

Fig. 2 – Values of soil loss obtained from each plot for the study period 2006-2016. The graph in (a) shows the 144 

frequency distribution of the annual values. The box plot in (b) indicates the data distributionTotal annual (a) and mean 145 

(b) soil losses obtained from each plot for the study period 2006-2016. The vertical bars in (b) indicate the standard 146 

error for each plot 147 

 148 

In Fig. 2, summary data distribution for the mean soil loss from each plot during the study period are is also reported. 149 

These results point out both the inter-annual variability of soil loss that reflects changes in erosivity during the study 150 

period and the inter-plot variability related to the impact of different cropping practices on soil loss.  151 

It is clear from Fig. 2 that the annual values of soil loss obtained from plot 1, in which vegetation cover was absent for 152 

most of the study period, are greater than those from the other plots. This result is expected because it emphasizes the 153 

importance of vegetation cover in the other plots that must be seen as a key factor in soil erosion studies. The mean value 154 

of soil loss related to plot 1 accounts for ca. 69.0 t ha-1 yr-1 (SE = 13.5 t ha-1 yr-1). Even if this value is in line with the 155 

results obtained in areas where similar experiments were conducted (see Bagarello et al. 2018), it cannot be considered 156 

representative of a long-term pattern of land use in the area because it reflects the bare conditions maintained in this plot 157 

for the duration of the experiment (11 years). The mean values of soil loss obtained from the other plots range from 14.4 158 

t ha-1 yr-1 (SE = 7.0 t ha-1 yr-1), obtained from plot 5, to 39.2 t ha-1 yr-1 (SE = 11.7 t ha-1 yr-1) obtained from plot 3. These 159 

values, reported in Table 1, reflect the different crop rotations adopted in the plots and indicate the crop system related to 160 

plot 5, which was subjected to minimal tillage and crop operations, as the most conservative in the area. 161 

 162 

3.2 The calibration of the RUSLE model using the experimental data 163 

As reported above, the study period extended for 11 years and these measurements, considering the number of events 164 

(135) occurred during the experiment, offer an important tool to calibrate soil erosion models in order to obtain soil loss 165 

estimates for a longer period. The available datasets and the size of the plots suggested the use of the RUSLE model to 166 

make such attempt. This calibration exercise was based on the following version of the USLE as originally proposed by 167 

Wischmeier and Smith (1978): 168 

Ai = Ri K LS Ci P        (1) 169 

 170 
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in which, the soil loss, Ai, is expressed in t ha-1 yr-1; the rainfall erosivity factor, Ri, is expressed in MJ mm ha-1 h-1 yr-1; 171 

the soil erodibility factor, K, is expressed in t ha h ha-1 MJ-1 mm-1; LS represents the topographic factor (dimensionless); 172 

Ci represents the cover and management factor (dimensionless), and P indicates the support practice factor 173 

(dimensionless).  174 

In this contribution, the Eq. (1) was calibrated at annual scale and the subscript i represents the i-th year for which soil 175 

loss observations are available. It is worth noticing that, because of the absence of support practices, the P-factor was set 176 

equal to 1. 177 

The model calibration was carried out in three steps: the first step is related to the calculation of the factors Ri and LS that 178 

required rainfall and topographic measurements, respectively; the second step aimed at calculating the soil erodibility 179 

factor K; the third step allowed the calculation of the Ci values for each plotthe calculation of the C-factor for each plot. 180 

These factors were determined as follows. 181 

 182 

3.2.1 The rainfall erosivity factor and the topographic factor 183 

The rainfall erosivity factor R, as defined by Wischmeier and Smith (1978), represents the mean annual value of the 184 

rainfall erosion index, EIRi, calculated by summing the values of the rainfall erosion index, EI , values obtained for each 185 

erosive event. The calculation of EI (MJ mm ha-1 h-1) for each individual storm required a continuous record of rainfall 186 

intensity and it was determined by the product of total storm energy E (MJ ha-1) and maximum 30-min intensity i30 (mm 187 

h-1): 188 

30

1

30 iVeiEEI
m

j

jj 












 



       (2) 189 

 190 

with ej indicating the rainfall energy per unit depth of rainfall per unit area, and Vj the rainfall depth for the j-th interval 191 

of the storm hyetograph which is divided into m parts with essentially constant intensity. The equations proposed by 192 

Foster et al. (1981) were used to calculate the rainfall energy ej: 193 

 194 

 jj ie 10log0873.0119.0      if 
176  hmmi j    (3a) 195 

283.0je       if 
176  hmmi j    (3b)

 
196 

 
197 

where ij (mm h-1) is the rainfall intensity calculated as follows 
198 

 
199 
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201 

in which tj indicates the interval duration over which intensity is assumed to be constant (Porto 2016). The rainfall record 202 

used in this contribution was obtained from the local station of Santa Cristina d’Aspromonte (Arpacal datasets), for which 203 

data with a temporal resolution t = 5 min were available. The mean value of the rainfall erosivity factor R calculated 204 

from this station for the study period 2006-2016 is reported in Table 1. 205 

The topographic factor, LS (dimensionless), was calculated using the equation proposed by McCool et al. (1987), (Renard 206 

et al. 1994): 207 

 208 

𝐿𝑆 = ( i 22.13)⁄ 𝑚𝑖  (16.8 Sin 𝛼𝑖 − 0.5)                                                        (5) 209 

 210 

considering that, for the study plots, tan I > 0.09, with i representing the slope angle.  211 

In eq. (5), i indicates the slope length of the plot and the exponent mi is given by the equation proposed by McCool et al. 212 

(1989): 213 

i

i
i

f

f
m




1
      (6)

 

214 

 215 

where fi represents the ratio of rill to interrill erosion and can be expressed by the following formula: 216 

 217 

 
f

sin

sin
i

i

i






0 0896 3 0560 8. ..      (7) 218 

 219 

The value of LS, that is assumed constant in each plot for the study period, is reported in Table 1. 220 

 221 

Table 1 – The values of the RUSLE parameters obtained for each plot for the study period (2006-2016). In the last two 222 

columns are also reported the mean values of soil loss (Ai) measured during the study period (2006-2016) and those 223 

related to the long-term simulation (1954-2019). 224 

 225 

 226 
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3.2.2 The soil erodibility factor K 227 

The soil erodibility factor K, as defined by Wischmeier and Smith (1978), represents the mean annual value of the relative 228 

inherent resistance of a soil to the detachment, entrainment and transport actions operated by rainfall and runoff. The K-229 

factor can be determined according to certain soil characteristics that include texture, presence of organic matter, 230 

permeability. In this respect, Wischmeier et al. (1971) provided a nomograph, supported by an explicit equation, to 231 

determine the value of K based on the above variables. However, if soil loss measurements are available at a plot scale, a 232 

direct evaluation of K is possible. The method is based on a simple regression analysis between soil loss measurements 233 

and rainfall erosivity, as proposed by Wischmeier and Mannering (1969), using the USLE unit plot (22.1 m long with a 234 

uniform 9% slope, continuously maintained in a clean-tilled fallow condition with upslope and downslope tillage). 235 

 236 

Fig. 3 – Calculation of the soil erodibility factor K 237 

 238 

In this contribution, we used the annual measurements of soil loss from the bare plot to obtain a representative value of 239 

K for the soils under investigation. Considering that our bare plot has a length of 25 m and a slope of 10%, an adjustment 240 

was necessary according to eq. (1). In other words, plotting the annual values of soil loss obtained from the bare plot 241 

against the corresponding values of the product RiLS, assuming that the C-factor and the P-factor are equal to 1, it was 242 

possible to use the slope of the computed least-squares regression line, passing through the origin, to determine K. The 243 

method is illustrated in Fig. 3 in which the line of equation y=mx bx is superimposed on the experimental pairs. The slope 244 

mb, that represents the value of K, resulted equal to 0.011 (t ha h ha-1 MJ-1 mm-1) and this value was assumed to be 245 

representative for our plots. 246 

 247 

3.2.3 The cover and management factor C 248 

The availability of soil loss measurements, together with the calculation of Ri and LS, and the direct determination of K 249 

from the bare plot, made it possible to derive the values of the cover and management factor Ci for the plots 2, 3, 4, and 250 

5 in which different combinations of cropping systems were adopted during the 11 years of investigation. Again, this 251 

calibration exercise was carried out using the annual data of soil loss Ai and the following equation (Cinnirella et al. 1998): 252 

 253 

𝐶𝑖 =
𝐴𝑖

𝑅𝑖 𝐾 𝐿𝑆
      (8) 254 

 255 

in which, for each plot, Ci is the value representing the crop factor for the year i. 256 
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The results of eq. (8) are summarized in Fig. 4, where the the frequency distribution of Ci valuessingle values of Ci and 257 

their frequency distribution are is reported for each plot.  258 

A visual inspection of Fig. 4 suggests that the values of Ci show evidence of an interannual variability for each single plot 259 

and document a significant difference from plot to plot. These findings are expected because the values of Ci depend both 260 

on the cropping system adopted in each period and on the value of the rainfall erosivity factor calculated for that 261 

corresponding period. For this reason, it is difficult to choose a representative value of C for each plot as it assumes the 262 

meaning of a random variable. 263 

It can be seen from Fig. 4 that each frequency distribution follows, approximately, a log-normal distribution (see dotted 264 

line superimposed in each graph) that suggests the presence of a random component. Based on these findings, we decided 265 

to calculate the value of Cm that produced the perfect agreement between measured and calculated soil loss for the study 266 

period and we assumed this value as the C-factori value representative for each plot. The four values of Cm resulting from 267 

this calculation are also reported in Table 1.  268 

 269 

Fig. 4 – The frequency distribution of the C-factori for each plot. The dashed line represents a log-normal theoretical 270 

distribution 271 

 272 

The cropping systems supported by the plots 2, 3, 4, and 5 are typical of the cultivation techniques practiced in the upland 273 

areas of Southern Italy since the early 50s. For these reasons, the values of Cm reported in Table 1 can be considered 274 

representative of a long-term period in these areas. The same considerations can be extended to the mean value of the K-275 

factor that can be assumed characteristic for this type of soil. Following this logic, in the absence of support practices and 276 

assuming a constant value of LS, only the rainfall erosivity factor Ri would affect the temporal variability of soil loss and 277 

it can be used to reconstruct the trend of soil erosion rates since the early 50s if a long-term dataset of RiR is available. 278 

The annual values of Ri were obtained using the rainfall data available at the local station of Santa Cristina d’Aspromonte 279 

since 1954. These measurements were produced by the Italian Hydrographic Service at different temporal resolutions: 280 

the data for the period 1990-2019 are available at a time interval t = 5 min, with some short breakdown (Arpacal 281 

Datasets); the data for the period 1954-1989 were provided in a graphical form that required manual digitization to allow 282 

calculation of Ri at a temporal resolution of 30 minutes (see Wischmeier and Smith 1978). In order to get the values of 283 

precipitation amount and intensity consistent with those derived from the second dataset, the 5-minute data available for 284 

the period 1990-2019 were aggregated at a 30-minute temporal scale and the corresponding values of Ri were calculated 285 

accordingly (Porto 2016).  286 
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Calculation of Ri for the missing years (1954-2005 and 2017-2019) and the availability of a calibrated RUSLE model for 287 

the shorter study period (2006-2016) allowed the reconstruction of soil erosion rates for the period 1954-2019. This 288 

calculation was made by hypothesizing 4 scenarios, one for each plot, in which only the C-factori was considered different 289 

from plot to plot and assumed equal to the Cm values listed in Table 1. The results of these predictions are illustrated in 290 

Fig. 5, where the values of soil loss Ai (t ha-1) are reported in graphical form for each year. It is worth noticing that the 291 

predicted values of Ai (t ha-1) are related to the two periods 1954-2005 and 2017-2019 for which soil erosion measurements 292 

are absent. On the contrary, the values of Ai (t ha-1) for the study period 2006-2016 are those measured by the experimental 293 

device and incorporated into the long-term record of Fig. 5. The mean values of soil loss for the period 1954-2019, that 294 

include measured and estimated data, are reported in Table 1. 295 

 296 

Fig. 5 – The annual soil loss reconstructed for each plot for the period 1954-2019. Grey bars indicate the estimated 297 

values while white bars report the measured values obtained for the study period 298 

 299 

In order to confirm this hypothesisThe datasets illustrated in Fig. 5 were processed by, a standard trend analysis test was 300 

performed using the software TREND (2012). More specifically, the Cumulative Deviation Test and the Student’s t Test 301 

were carried out for each scenario in order to see if the means in two parts of each record are different (for an unknown 302 

time of change). The overall results suggested, at a level of probability P≤0.05, that, for each scenario, the mean for the 303 

period 1954-1995 is significantly lower than the mean related to the period 1995-2019 and confirmed the above 304 

hypothesisindicated that soil loss has not been stationary over the past 66 years. 305 

 306 

4 DISCUSSION 307 

The histograms illustrated in Fig. 5 and the mean values of soil loss reported in Table 1 provide important information on 308 

the magnitude of soil erosion since 1954 and offer a basis to understand the longer-term variability of soil loss in this 309 

area. The mean values of soil loss (plot measurements) related to the study period 2006-2016 are systematically higher 310 

than the corresponding long-term estimates for the period 1954-2019 (see Table 1). Also, a first visual inspection of the 311 

four graphs in Fig. 5 together with the linear trend overlaid on each figure suggests that soil loss shows an increasing 312 

trend for the period covered by this study. In order to confirm this hypothesis, a standard trend analysis test was performed 313 

using the software TREND (2012). More specifically, the Cumulative Deviation Test and the Student’s t Test were carried 314 

out for each scenario in order to see if the means in two parts of each record are different (for an unknown time of change). 315 

The overall results suggested, at a level of probability P≤0.05, that, for each scenario, the mean for the period 1954-1995 316 

is significantly lower than the mean related to the period 1995-2019 and confirmed the above hypothesis that soil loss has 317 
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not been stationary over the past 66 years. These results are consistent with the work of Verstraeten et al. (2006) that 318 

observed an increase of an average 10-year erosion rate calculated in Belgium with the RUSLE as a consequence of 319 

changing rainfall erosivity through time. In fact, these changes reflect the temporal trend of Ri reported in Fig. 6 and are 320 

a consequence of a general increase in the magnitude of the rainfall erosivity during this period. In this respect, Verstraeten 321 

et al. (2006) observed a significant increase of the R-factor in central Belgium for the period 1991–2002 compared to the 322 

period 1898–1990, and suggested that care must be taken when a single, invariant, value of R is adopted for simulating 323 

long-term scenarios of soil loss. In our experimental site, a statistical interpretation of Ri, based on the Mann-Kendall test 324 

and the linear trend test (Hirsch et al. 1992), established that an increasing trend for this variable can also be recognized 325 

at a level of probability P≤0.10 and this provides a further confirm of the above hypothesis. Similar results were obtained 326 

in a simulation study conducted by Pruski and Nearing (2002a) that explored the effects on soil erosion in three locations 327 

of the USA by combining changes of rainfall intensity and number of rainy days over time. In that case, the simulation 328 

scenarios obtained with CLIGEN, even if in line with our findings, were never confirmed by empirical evidence. 329 

 330 

Fig. 6 – The annual values (Ri) of the R-rainfall erosivity factor obtained for the period 1954-2019 (a) and the annual 331 

values of rainfall measured in the same period (b) 332 

 333 

However, the results summarized in Fig. 6 pose another important question whether an accurate estimate of Ri requires a 334 

proper relationship between rain intensity and rain kinetic energy or whether a simple correlation analysis between rainfall 335 

erosivity and rainfall amount can be adopted. In order to answer the above question, the annual rainfall Pa for the 336 

corresponding period (1954-2019) is also reported in Fig. 76. Surprisingly, the histograms of Fig. 7 6 show a decreasing 337 

trend of Pa in this area and a Cumulative Deviation Test suggested that this hypothesis cannot be rejected at a level of 338 

probability P≤0.1. 339 

 340 

Fig. 7 – The annual values of rainfall obtained for the period 1954-2019 341 

 342 

These findings are really important because they suggest that a) the two variables (Ri and Pa) do not necessarily show the 343 

same temporal trends, and b) the R-factor cannot be predicted indirectly using rainfall data at annual scale but it is 344 

necessary to use the proper time intervals (5 min ≤ t ≤ 30 min) (Buffoni et al. 1999; Brunetti et al. 2001, 2002, 2004; 345 

Porto 2016). In other words, the above results indicate that the use of simplified models like those provided by Fournier 346 

(1960) or Arnoldus (1980) that are based on monthly and annual rainfall datasets, even if largely employed in many areas 347 

in the world (see, among the others, de Asis and Omasa 2007; Wolka et al. 2015; Cartacuzencu et al. 2016; González-348 
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Morales et al. 2018; Wang et al. 2018; Pal and Chakrabortty 2019) may not be adequate to predict the rainfall erosivity 349 

in Mediterranean areas (Capra et al. 2017). 350 

It is also important to notice that the CUSUM test (Trend, 2012) applied to the Ri dataset in Fig. 6 shows a distinct change 351 

point in 2001 and this supports the hypothesis that the measurements of soil loss related to the study period 2006-2016 352 

may not be representative of the long-term soil erosion in this area as they clearly overestimate soil loss (see Table 1). 353 

Again, this seems to confirm that the length of the observation record has an important impact on soil erosion estimates 354 

(Verstraeten et al. 2006) and suggests that care must be taken when a representative value of soil loss is requested for an 355 

area with lacks of data. Similar problems occur when calibration and/or validation exercises are necessary to establish the 356 

ability of a model to predict reliable values of soil erosion. For example, during the last 2-3 decades, alternative 357 

approaches, based on the use of fallout radionuclides (FRN), including mainly cesium-137 (137Cs) and unsupported lead-358 

210 (210Pbex), proved to be very effective to assemble information on long-term and spatial patterns of erosion and 359 

deposition rates especially if coupled with existing traditional methods (Di Stefano et al. 2005; Porto and Walling 2015). 360 

These models need validation and the availability of a long-term representative value of soil erosion to be compared with 361 

the model estimate is a key issue. In this respect, Porto and Walling (2012) carried out a sampling campaign for 137Cs and 362 

210Pbex analyses to estimate long-term soil erosion in the five plots used in this study. The overall results, updated to 2009, 363 

indicated that the estimates provided by 137Cs, related to the period 1954-2006, were systematically lower that the 364 

measurements provided by the plots for the four-year period 2006-2009. The authors recognized that the four-year 365 

measurements of soil loss may have overestimated soil erosion and emphasized the need to consider a longer dataset to 366 

obtain a more reliable measured value. Also, a higher estimate of soil erosion obtained with the use of 210Pbex suggested 367 

a possible increase of soil erosion rates during the previous 15-20 years. These results are well in agreement with our 368 

findings and suggest that the RUSLE model can be very effective for reconstructing long-term records of soil loss if 369 

reliable input datasets are available.  370 

Another important indication can be inferred from Fig. 5 that shows the trend of soil loss reconstructed for plot 5. A The 371 

comparison with the equivalent estimates obtained from the other plots in Fig. 5 indicates that the amount of soil loss 372 

related to plot 5 is much lower. This result reflects the lower value of Cm calculated for this plot and suggests that the 373 

adoption of a proper strategy that includes the use of rotations with natural vegetation and conservative practices 374 

(mulching, no-tillage etc.) can be effective in reducing soil loss. This assumption is confirmed by several studies in the 375 

world that explored the effect of land use changes on soil loss (see, among the others, Maetens et al. 2012). In our case, 376 

the mean value of Ai for plot 5, related to the long-term period 1954-2019, is equal to 12.0 (t ha-1 yr-1). This value is still 377 

a little higher than that (ca. 11.5 t ha-1 yr-1) assumed by Bagarello et al. (2015) as tolerable soil loss for similar geographic 378 

contexts. However, it indicates that the adoption of the conservative practices described above allowed to reduce it soil 379 
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loss significantly considering that the equivalent value obtained for plot 3 is ca. three times higher (31.9 t ha-1 yr-1). This 380 

result is encouraging and suggests that an appropriate crop rotation is a key factor to minimize land degradation in these 381 

areas. In this respect, models like the RUSLE, based on empirical parameters of simple calculation, offer a good 382 

opportunity to predict soil loss for different scenarios and to evaluate possible countermeasures for long-term planning 383 

purposes. 384 

 385 

5 CONCLUSIONS 386 

The experimental plots used in this study provided important information on soil erosion rates obtained in an upland area 387 

of the Mediterranean environment. The first, important, result is related to the direct observations of soil loss obtained 388 

during the period of the experiment from 2006 to 2016. In this respect, the study demonstrated that direct measurements 389 

of soil loss can be misleading if the dataset cannot be extended for longer period. In order to avoid such problems, it is 390 

strongly suggested to account for long-term rainfall erosivity measurements in the absence of soil loss data. In the study 391 

area, the availability of rainfall data at short-time interval (5-30 minutes) from a local station allowed the calculation of 392 

the rainfall erosivity factor from 1954 to date. Based on this information, a RUSLE model was calibrated using the 11 393 

years of soil loss measurements and it was applied to the extended period 1954-2019 to reconstruct the longer-term trend 394 

of soil erosion in the area. The overall results revealed that soil erosion has increased during this long-time window and 395 

showed a changing point at the beginning of the last two decades. These findings, in line with the results obtained from 396 

other authors, suggest that care must be taken when direct observations of soil loss are used for planning purpose as they 397 

could not be representative for the area under investigation for long-term periods. A second, important, result is related 398 

to the use of empirical models like RUSLE to predict soil loss for long periods. In this respect, the RUSLE model proved 399 

a good performance in its ability to reproduce soil loss rates in Mediterranean areas. However, the adoption of proper 400 

datasets of rainfall erosivity, derived from specific relationships between rainfall intensity and the R-factor, are strongly 401 

suggested and should be considered an essential tool to extend the representativeness of measurements.  402 
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  R K Cm LS Ai (2006-2016) Ai (1954-2019) 
 

  (MJ mm ha-1 h-1 yr-1) (t ha h ha-1 MJ-1 mm-1)     (t ha-1 yr-1) (t ha-1 yr-1) 
 

 Plot 1 

5032 0.011 

1.00 1.20 69.5 56.1  

 Plot 2 0.38 1.27 28.6 22.5  

 Plot 3 0.50 1.36 39.2 31.9  

 Plot 4 0.41 1.35 32.2 25.7  

 Plot 5 0.21 1.25 14.4 12.0  
             

 

 

Table 1



Figure Captions 

Fig. 1 The study area and the experimental plots 

Fig. 2 Values of soil loss obtained from each plot for the study period 2006-2016. The graph in (a) 

shows the frequency distribution of the annual values. The box plot in (b) indicates the data 

distribution 

Fig. 3 Calculation of the soil erodibility factor K 

Fig. 4 The frequency distribution of Ci for each plot. The dashed line represents a log-normal 

theoretical distribution 

Fig. 5 The annual soil loss reconstructed for each plot for the period 1954-2019. Grey bars indicate 

the estimated values while white bars report the measured values obtained for the study period 

Fig. 6 The annual values (Ri) of the rainfall erosivity factor obtained for the period 1954-2019 (a) and 

the annual values of rainfall measured in the same period (b) 
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a) Plot 2
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b) Plot 3

0

20

40

60

80

100

120

140

1
9
5

5

1
9
5

7

1
9
5

9

1
9
6

1

1
9
6

3

1
9
6

5

1
9
6

7

1
9
6

9

1
9
7

1

1
9
7

3

1
9
7

5

1
9
7

7

1
9
7

9

1
9
8

1

1
9
8

3

1
9
8

5

1
9
8

7

1
9
8

9

1
9
9

1

1
9
9

3

1
9
9

5

1
9
9

7

1
9
9

9

2
0
0

1

2
0
0

3

2
0
0

5

2
0
0

7

2
0
0

9

2
0
1

1

2
0
1

3

2
0
1

5

2
0
1

7

2
0
1

9

c) Plot 4
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d) Plot 5
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