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Abstract  29 

 30 

The SCS-CN, Horton and USLE-family models are used worldwide, but few examples are available 31 

for olive groves on steep and clayey soils under mulching of pruning residues. We evaluate the 32 

accuracy in predicting runoff and soil loss of a steep (20%) and clayey olive grove subject to three 33 

soil conservation practices (SCPs): mechanical tillage (MT), mulching with pruning residues 34 

(NTR), and standard protection (SP), measured at plot scale in Southern Italy during 30 months 35 

under natural rainfall. The models were calibrated by adjusting the Curve Numbers (for the SCS-36 

CN model), and the C-factors (MUSLE and USLE-M); the Horton model was not calibrated. The 37 

model performance was assessed by qualitative and quantitative procedures. In all practices, the 38 

SCS-CN was more accurate for runoff predictions (mean difference of 7% compared to 39 

corresponding observations) compared to the Horton (mean difference of 30%). For soil erosion, 40 

the MUSLE showed better performance in soils subject to mechanical tillage or total protection 41 

(differences lower than 10%), while the USLE-M was more reliable to simulate soil loss in mulched 42 

plots (differences of 8%). A set of Curve Numbers (95 for MT, 70 for SP, and 85 for NTR) and C-43 

factors (0.4 for MT, 0.2 for SP, and 0.1 for NTR) are proposed for applications in steep slope and 44 

clayey soil olive orchards using the SCS-CN and USLE proposed models, respectively. Validation 45 

exercises in other environmental experimental conditions would enhance the export these models 46 

for runoff and erosion control in agricultural soils treated with mulching. 47 



 48 
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 50 

1. Introduction  51 

 52 

In Europe, sheet and rill erosion causes soil loss at a rate of almost 2.5 tons ha-1 yr-1, which is 1.6 53 

times the soil formation rate (Panagos 2015). The assessment report on land degradation and 54 

restoration (IPBES, Fisher et al., 2018) recommend “to increase efforts to reduce soil erosion and 55 

increase soil organic matter and reduce agricultural areas with severe soil erosion rates (> 10 tons 56 

ha-1 yr-1) by 2030” (Montanarella & Panagos 2021). Soil erosion rates in olive groves (Olea 57 

europaea L.) in Southern Europe are estimated to have average soil losses of 95 tons ha-1 yr-1 over a 58 

period of 50-100 years (Vanwalleghem et al., 2010).  59 

 60 

In Italy, olives are often cultivated on steep slopes (sometime terraced), and these erosion rates can 61 

be higher (Costantini and Dazzi 2013), which is exacerbated by specific climatic conditions (heavy 62 

and infrequent storms with intense and often destructive floods, Fortugno et al., 2017; Zema et al., 63 

2018). Moreover, Italian olive groves in the past decades have been frequently abandoned, and this 64 

has determined additional soil erosion, uneven landscape transformations and ecosystem 65 

degradation (Ferrara et al., 2014; Pardini & Gispert 2013).   66 

 67 

Reports (e.g. Gómez et al. 2014a; Polykretis et al., 2020) have shown that mechanical tillage 68 

(Gomez et al, 2014a, 2017, 2018; Beaufoy, 2002; Xiloyannis et al., 2008) is often employed at 69 

olive groves in order to improve nutrient levels (by incorporating fertilizer and organic matter into 70 

the soil) and soil water balance (by reducing the soil evaporation), as well as to facilitate 71 

harvesting. However, this practice, when intensive, may result in rapid oxidation of organic matter 72 

(Kassam et al., 2009), worsening of the soil structure and thus increasing runoff and erosion rates, 73 

particularly during wetter periods (Sastre et al., 2018). Due to frequent mechanical tillage coupled 74 

with the absence of vegetative cover among trees, the current management of olive groves is highly 75 

unsustainable and results in an average soil erosion rate of 23.2 tons ha-1 yr-1 (Vanwalleghem et al., 76 

2011). It is, therefore, important to control the hydrological response of olive groves, especially 77 

when located on steep slopes or growing on clayey impervious soils.  78 

 79 



Several hydrological models have been developed and used to predict water discharge and runoff, 80 

sediment transport and soil loss. These models are able to simulate the hydrological processes at 81 

the watershed and hillslope scale in a cost-effective and time-efficient way, helping land planners 82 

to identify the best practices for farmland management (Zema et al., 2020a).  83 

 84 

More than twenty models to predict runoff and erosion are available and relevant applications have 85 

been globally carried out (Borrelli et al., 2021). Specifically, regarding erosion modelling, the 86 

USLE-family models are by far the most widely applied at the global scale with over 1200 87 

applications. Other common erosion models are WEPP, LISEM, EROSION-3D, PESERA and 88 

EUROSEM, although applications of some of these models are decreasing (Bezak et al., 2021). 89 

Other models of common use are the Soil and Water Assessment Tool (SWAT, Arnold et al., 90 

1998), AnnAGNPS (Bingner & Theurer, 2001), SEDD (Ferro and Porto, 2000), Water and Tillage 91 

Erosion Model, the Sediment Delivery Model (WaTEM/SEDEM, Van Oost et al., 2000), and the 92 

Morgan-Morgan–Finney ((R)MMF, Morgan et al., 1984). The SWAT, SEDD and AnnAGNPS 93 

models have been also used to predict erosion in olive groves (e.g., Zema et al 2016 for AnnGNPS 94 

application in a large Spanish watershed covered by olive groves, Massetti et al 2020, who 95 

simulated soil loss in olive groves using SWAT in central Italy, and Burguet et al 2012, who used 96 

the SEDD model in olive micro catchments of Spain).  97 

 98 

Among the methods used to predict surface runoff, the Soil Conservation Service (SCS)-Curve 99 

Number (CN) (hereinafter “SCS-CN model”) is the most common for estimating runoff, (Mishra & 100 

Singh, 1999; 2013). The popularity of these methods is due to their simplicity, ease of use, 101 

widespread acceptance, and large availability of input data (Suresh Babu & Mishra, 2012; Soulis, 102 

2021), thus the SCS-CN and USLE models are the hydrological and erosion components used in 103 

many catchments scale hydrological models. The prediction accuracy of the SCS-CN and USLE-104 

family models has been verified in a large range of climatic and geomorphological conditions, with 105 

generally satisfying results. Reliable estimations of runoff and erosion can be gained if model 106 

calibration is carried out (Williams, 1977; Jackson et al., 1986; Michalec et al., 2017). However, 107 

examples of SCS-CN and USLE models calibrated for olive groves are few (Romero et al., 2007, 108 

Taguas et al., 2012; 2015b; Di Stefano et al., 2016; Nekhay et al., 2009).  109 

 110 

In olive growing, soil conservation practices (hereinafter indicated as “SCPs”) are needed with the 111 

combined purposes of increasing crop productivity and protecting soil quality. Mulching and cover 112 



crops with seeded or spontaneous species have been suggested and experimented for several years 113 

as SCPs. These innovative practices, if properly carried out, are beneficial for erosion reduction, 114 

water conservation and fertility maintenance. With regard to the hydrological impacts, several 115 

studies have demonstrated that mulching with pruning residues and cover crops are able to reduce 116 

the runoff and erosion rates under a wide range of climatic and morphological conditions (e.g., 117 

Gómez et al., 2011; 2014a; Gomez 2017; Bombino et al., 2019; 2021).  118 

 119 

To consolidate the large use of conservative SCPs as anti-erosive practices, there is the need for 120 

more research to quantify of their hydrological impact. For this, the use of the hydrological models 121 

is reliable, easy and time-saving. Thanks to the hydrological models, the effectiveness of alternative 122 

SCPs can be predicted for a given environmental condition and this helps the task of land managers 123 

and olive farmers. Unfortunately, the studies that have applied the SCS-CN and USLE-family 124 

models to simulate the hydrological response of olive groves under different SCPs are limited in 125 

number, and therefore the literature shows several research gaps. To the best authors’ knowledge, 126 

the prior applications of SCS-CN at plot scale have been carried out by Romero et al. (2007) and 127 

Mollenhauer et al. (2002), but none considered the SCP based on mulching of pruning residues in 128 

the lanes and their effects on steep slopes. Moreover, very few studies were carried out in similar 129 

environmental contexts as southern Italy with applications of different methods under variable 130 

spatial and temporal scales (Rosskopf et al., 2020; Covelli et al., 2020).  131 

 132 

For these purposes, this study evaluates the accuracy of the SCS-CN and Horton methods as well 133 

as two USLE-family models (MUSLE and USLE-M) to predict runoff and soil loss in a steep olive 134 

orchard in Calabria (Southern Italy) and subjected to different SCPs. More specifically, we 135 

hypothesize that some of these models are able to simulate surface runoff and soil erosion with 136 

more accuracy compared to the other models. The research questions to which this study aims to 137 

reply are the following: i) which is the dominant runoff generation mechanism (by saturation or 138 

infiltration excess) of the experimental soils? ii) to which process (rainsplash erosion or particle 139 

detachment and transport due to overland flow) is erosion due in the experimental conditions? iii) 140 

are all the tested models accurate for hydrological predictions under all the modelled SCPs? iv) 141 

what are the optimal CNs and C-factors values in the steep and clayey soils of olive groves in 142 

Southern Italy, to be integrated into the application guidelines of the studied models? The results of 143 

this study, to be further validated in other olive cultivation environments, could be a useful 144 

contribution for a broader and more reliable applicability of the studied models, helping land 145 



managers to predict the impact of best management practices based on mulching to runoff and 146 

erosion control in olive growing areas. 147 

 148 

2. MATERIALS AND METHODS 149 

 150 

2.1. Study area  151 

 152 

The experimental site is an olive grove (38.2671° N, 16.1872° E, Locri, Southern Calabria, Italy) at 153 

a mean altitude of 114 m a.s.l. (Figure 1a). The olive grove was 10-12 years old at the start of the 154 

experiment (2016) and planted with trees of Olea europea (cultivar Geracese) at 6 m x 6 m spacing 155 

(Figure 1b).  156 



 157 

Figure 1 - Location and aerial map (a), and illustrative layout of the experimental equipment (b) to 158 

measure the hydrological variables in the experimental site (Locri, Calabria, Italy). 159 

 160 

The climate of the area is typically semi-arid Hot-summer Mediterranean (Csa class, according to 161 

Koppen classification, Kottek et al., 2006), with mild and rainy winters, and dry and warm 162 

summers. The annual average rainfall and minimum/maximum temperatures are 1350 mm and 11 163 

and 28 °C, respectively (historical observations of 1923-2017).  164 

 165 

The olive grove has a uniform slope of 20%. The soil is a Eutric cambisol (FAO, 2006) with 166 

prevalent clayey texture (28% of sand, 28% of silt and 44% of clay, w w-1).  In the olive grove, the 167 



grass cover spontaneously growing over the soil is usually mowed twice a year, in April and 168 

August, while the olive trees are pruned each year (in March) and residues are chopped by a 169 

shredder (size between 5 and 8 cm). Grass (40%) and pruning residues (60%) are left on the ground 170 

surface (around 3 tons ha-1 yr-1 of dry matter) under the tree canopy and in the inter-row areas as 171 

mulching cover. 172 

 173 

The experimental site in the olive grove consisted of a series of three plots (42-m long and 6-m 174 

wide, area of 252 m2) that were hydraulically isolated by metallic sheets, in order to avoid the 175 

inflow/outflow of runoff (Figure 1b). The noticeable plot length (which is higher compared to the 176 

value suggested by Wischmeier and Smith, 1978, close to 20 m) allows the collection of a fair 177 

quantity of runoff also for mid-intensity events as well as the activation of erosion forms (e.g., rill 178 

erosion) that in short-length plots (especially with clayey soil texture) rarely or only partly develop. 179 

Each plot simulated one of the following soil management practices (SCPs): (i) Standard Protection 180 

of soil (hereinafter indicated as SP); (ii) Mechanical Tillage (MT); and (iii) No-Tillage and 181 

Retention of pruning residues at dry matter doses of 350 g m-2 (NTR).  182 

 183 

SP, assumed as the control practice, represents the ideal cover layer for soil protection; to simulate 184 

this condition, the plot was covered by a horizontal plastic net (mesh of 1 mm2), placed 10 cm over 185 

the ground, allowing the growth of living vegetation.  The net reduces the splash erosion and 186 

intercepts a share of the precipitation, protecting the soil from the direct raindrop impact, but does 187 

not cause concentrate flow on the ground surface during heavy storms. The MT, carried out in 188 

autumn and spring by a rotary tiller, is the most common SCP in farmers of Southern Italy, who, 189 

however, complain about high soil losses in their olive groves. Under the NTR, the soil was covered 190 

with pruning and grass residues distributed at a dose of 3.5·103 kg ha-1 (in spring) every year as 191 

mulching. In a previous study (Bombino et al., 2021), this dose was able to modify the hydrological 192 

response of soil with significantly lower runoff and erosion rates.  193 

 194 

 195 

 196 



 197 

Figure 2 – The plots with the three different SCPs monitored in Locri (Calabria, Italy). 198 

Legend: Soil Management Practices: SP = Standard Protection of soil; MT = Mechanical Tillage; 199 

NTR = No Tillage and Retention of vegetal residues. 200 

 201 

 202 

2.2. Hydrological measurements 203 

 204 

A campaign of hydrological measurements was carried out between January 2016 and June 2018, 205 

one year after the implementation of the SCPs (January 2015). Sub-hourly (5-minute interval) data 206 

of rainfall depth and intensity were measured at the gauging station of Antonimina (327 m a.s.l.), 1-207 

km far from the experimental site and used to calculate rainfall intensity for each event.  208 

 209 

Surface runoff after the 26 monitored rainfalls was measured by an ultrasonic flow logger (Stingray 210 

2.0 - Greyline Inc.). For each event, the runoff volume was stored (using a by-pass) into a 1000-litre 211 

tank, connected by a v-shaped collector and a pipe at the bottom side of the plots. To avoid 212 

manipulating too large volumes of runoff water and sediments (over the capacity of the tanks) when 213 

abundant rainfall occurred, we used an automatic hydraulic device, which discarded 90% of the 214 

runoff water generated in the plot and collected the remaining 10% of runoff and sediment flows. 215 



This was simply made by a by-pass device with a “t-shaped” pipeline. Measured runoff volumes 216 

were upscaled to the original amount generated in the plot as a simple product by ten. 217 

 218 

For erosion modelling, fifteen events with intensity higher than 50 mm h-1 calculated on 30-min 219 

duration, were selected. This rainfall intensity is typical of erosive events occurring in this area 220 

every 30–50 years (Bombino et al., 2019). For sediment yield measurements, the runoff volume 221 

inside the tanks was manually shaken and three samples, totalling 0.5 litres, were collected. Each 222 

composite sample was dried in oven at 105 °C for 24 hours and the dried sediment was weighted 223 

and referred as the sample volume, in order to measure the sediment concentration (Hudson, 1993). 224 

The latter was multiplied by the runoff volume to estimate the soil loss and thus the erosion after 225 

each precipitation event. 226 

 227 

2.3 Model implementation in the experimental plots 228 

 229 

A short description of the four models tested in this study is reported in the Appendix 1 of the 230 

Supplementary Material. The model implementation procedures in the experimental plots are 231 

explained in the following sub-sections. 232 

 233 

2.3.1. SCS-CN model 234 

 235 

The sub-hourly (5-minute interval) rainfall data measured at the gauging station of the 236 

experimental site were aggregated at the daily scale and needed as input to the SCS-CN model. The 237 

AMC was derived for each event analysing the antecedent 5-day rainfall depths. The soil 238 

hydrological group was assumed according to the Soil Map of Calabria (ARSSA - Regional 239 

Agency for Agricultural Services, 2003) and with reference to Bombino et al. (2021), who reported 240 

values of the saturated hydraulic conductivity for the same soils and conditions. Due to very small 241 

number of measurements available in the experimental design, the calibration of the CN values for 242 

olive orchards was not possible. Consequently, the CN values (“default” CN) used as input in the 243 

SCS-CN model were derived from the original tables of the USDA Soil Conservation Service 244 

(USDA-SCS, 1972) (Table 1).  245 

 246 

2.3.2 Horton equation 247 

 248 



The infiltration rate (Appendix 1 Eq. 10) was calculated by interpolating the infiltration curves 249 

measured using a double-cylinder infiltrometer for each SCPs. The infiltrometer consisted of two 250 

coaxial cylinders having inner and outer diameters of 0.32 and 0.57 m, respectively, and height of 251 

0.30 m, and driven into the soil to a depth of 150 mm. For each measurement, updated in a 6-252 

monthly step, the test measured the time needed for the infiltration of 20 mm of water in the 253 

cylinders filled with 50-70 mm of clean water. The infiltration test was repeated until three equal 254 

time measurements had been recorded between filling operations (Bombino et al., 2021; Zema et al., 255 

2019).  256 

 257 

For the 26 events, the hyetograph i(t) was derived and the difference between i(t) and f(t) gave the 258 

runoff rate q(t) at a time step of 5 minutes. Given the very short time of concentration (lower than 1 259 

minute) of the plot, the surface runoff stop was considered the same as the rainfall end. 260 

 261 

2.3.3 MUSLE equation 262 

 263 

The MUSLE model is usually applied at the catchment scale, but there are examples of its use at 264 

plot scale (e.g., McConkey, 1997; Pongsay et al., 2010). In the expression of the MUSLE equation 265 

(Appendix 1 Eq. 11), Q is the observed runoff after each event, while qp was the peak flow 266 

predicted by Horton method. For the site-specific factors a and b, the values were 0.87 and 0.56 267 

respectively taken from the experiences of Williams (1982). The K-factor was calculated using the 268 

nomograph of Wischemeier and Smith (1978). The C-factor, which depends on the management 269 

practice applied to the soil, was related to the tree density canopy diameter, and ground cover of the 270 

plots. In this study, this USLE C-factor was calculated following the study by Bombino et al 271 

(2002), who proposed an empirical equation based on canopy cover and aboveground biomass. 272 

Finally, the values of the P-factor were always set to one for all SCPs (Table 1).  273 

 274 

2.3.4 USLE-M equation 275 

 276 

The runoff coefficient QR was calculated as:  277 

 278 

QR = Q/Pe  279 

 280 



where Q is the measured runoff volume (mm) and Pe the observed rainfall depth (mm). The Re 281 

factor was calculated following the common method proposed by Renard et al. (1991) for the 282 

USLE model. 283 

 284 

Re = EI30/1735 285 

 286 

where Re is the rainfall R-factor (MJ mm ha−1 h−1), E is the rainfall kinetic energy for each event 287 

(tons m ha-1) and I30 is the maximum rainfall intensity for a duration of 30 minutes (mm h-1). 288 

Different values for C and K were proposed for use with USLE-M by Kinnel and Risse (1998), 289 

hereafter indicated as KUM and CUM, while the P factor is the same as the MUSLE model.  290 

 291 

2.4 Model calibration 292 

 293 

The SCS-CN, MUSLE and USLE-M models were initially run with default parameters. However, 294 

due to the unsatisfactory predictions (see section 3), the models were calibrated taking into account 295 

the most sensitive input parameters (CN for the SCS-CN model, and the C factor for the MUSLE 296 

and USLE-M equations). The C-factor is the most used calibration parameter for USLE-family 297 

erosion models (Biddoccu et al., 2020; Hammad et al., 2004, Khemiri and Jebari, 2021). For this 298 

reason, the hydrological effects of mulching practice were taken into account by tuning this factor.  299 

 300 

The objective of the calibration process was the minimisation of both the coefficient of efficiency 301 

(Nash and Sutcliffe, 1970) and the error between the mean values of the observations and 302 

simulations of runoff or soil loss manually by the trial-and-error procedure.  No calibration was 303 

carried out for the Horton equation, because the calibration was made through the infiltration tests 304 

during the hydrological measurements. For the used models, the default and calibrated parameters 305 

and their sources, are listed in Table 1. 306 

 307 

Table 1 - Values of input parameters adopted to simulate surface runoff volumes and soil loss using 308 

the SCS, Horton MUSLE and USLE-M models applied in the three SCPs monitored in Locri 309 

(Calabria, Italy).  310 

 311 

Soil management practice Model Input 

parameter 

Measuring 

unit MT SP NTR 



Default 

model 

Calibrated 

model 

Default 

model 

Calibrated 

model 

Default 

model 

Calibrated 

model 

CN - 88 85 79 70 90 75 SCS-

CN  - 0.2 

fo mm h-1 22.6 10.2 20.6 

fc mm h-1 3.6 6.5 4.8 Horton 

k h-1 0.05 

a - 0.87 

b - 0.56 

K-factor 
tons h MJ-1 

mm-1 
0.16 

C-factor -  0.78 0.4 0.4 0.09 0.09 0.045 

MUSLE 

P-factor -  1 

a - 0.87 

b - 0.56 

Average 

Re-factor 

MJ mm ha-

1 h-1 
67.5 

KUM-

factor 

 tons h MJ-

1 mm-1 
0.02 

CUM-

factor 
-  0.08 0.06 0.04 0.02 0.02 0.01 

USLE-

M 

P-factor   1 

Notes: Soil Management Practices: SP = Standard Protection of soil; MT = Mechanical Tillage; NTR = No Tillage and 312 

Retention of vegetal residues of 350 g m-2.  CN = Curve number;  = initial abstraction ratio; fo = maximum infiltration 313 

rate; fc = minimum infiltration rate; k = decay rate of infiltration in time; a and b = site-specific factors; Re = RUSLE 314 

rainfall R-factor; K, C and P = factors of the MUSLE model; KUM and CUM = factors of the USLE-M model.   315 

 316 

 317 

2.5 Model performance evaluation 318 

 319 

Two separate approaches were adopted for model performance evaluation. A qualitative procedure 320 

consisted of visually comparing observed and simulated values in scatterplots. A quantitative 321 

evaluation was also adopted using statistics (i.e. maximum, minimum, mean and standard deviation 322 



of both observed and simulated values) and a set of indexes, commonly used in hydrological 323 

modelling (Table 2). 324 

 325 

Table 2 – Indexes used to evaluate the prediction capacity of the SCS-CN and Horton models 326 

applied to plots subjected to the three SCPs (Locri, Southern Italy). 327 

 328 

Index Equation Acceptance limits or optimal values 

2
r

 

r2 > 0.50 

(Santhi et al., 

2001; Van 

Liew & 

Garbrect , 

2003; Vieira et 

al., 2018) 

NSE

 

Model 

accuracy (Van 

Liew et al., 

2003): 

- good  if NSE 

≥ 0.75 

- satisfactory if 

0.36 ≤ NSE < 

0.75 

- unsatisfactory 

if NSE < 0.36  

CRM

 

< 0.25 (Moriasi 

et al., 2007) 

- PBIAS < 0 

indicates 

model 

underestimatio

n 

- PBIAS > 0 



indicates 

model 

overestimation 

(Gupta et al., 

1999) 

Notes: n = number of observations; Oi, Pi = observed and predicted values at the time step i;  O = 329 

mean of observed values; SD = standard deviation. 330 

3. Results and discussion 331 

 332 

3.1. Hydrological characterisation 333 

 334 

Throughout the 2.5-year observation period, the annual rainfall recorded at the Antonimina 335 

meteorological station was between 815 and 1275 mm yr-1, and the maximum daily precipitation 336 

was 183 mm. Twenty-six rainfalls were recorded with depths between 16.6 mm (25 March 2018) 337 

and 183 mm (25 November 2016) (Figure 3). All these rainfalls were classified as erosive events 338 

(that is, with depth over 13 mm), according to Wischmeier and Smith (1978). 339 

 340 

These 26 rainfall events generated runoff volumes from 7.4 mm to 146 mm, and these extreme 341 

values were recorded under the MT treatment. In the plots subject to the other treatments, the 342 

runoff measured was in the range 9.3 – 137.3 mm (SP) and 9.1 – 109.8 mm (NTR) (Figure 3). The 343 

runoff produced in the NTR treatment was not significantly different from the corresponding 344 

values of the control SP, but significantly lower than MT plots (Figure 3). During a rainfall event, 345 

we noticed that the net installed in the SP plots fragmented the raindrops, which passed through the 346 

net, reducing the kinetic energy of rainfall on soil and thus the splash erosion. 347 



 348 

Rainfall MT SP NTR

 349 

 350 

Figure 3 - Surface runoff volume measured after natural rainfalls in the experimental plots subjected 351 

to three soil management practices (Locri, Southern Italy).  352 

Legend: Soil Management Practices: SP = Standard Protection of soil; MT = Mechanical Tillage; 353 

NTR = No Tillage and Retention of vegetal residues. 354 

 355 

The event runoff coefficients were in the range 30% – 82% for MT, 25.9% – 79.6% for SP, and 356 

25.8% – 69.8% for NTR. The runoff coefficient in the latter SCPs was significantly different from 357 

MT and SP. The sediment yield generated by the sample of 15 events ranged from 0.001 to 0.19 358 

tons ha-1 (MT), 0.01 – 0.12 (SP), and 0.01 – 0.05 (NTR) tons ha-1 (Figure 4). On average, the 359 

sediment yielded in the NTR treatment was not significantly different from the corresponding 360 

values of the control SP, but significantly lower than MT. 361 

 362 



Rainfall MT SP NTR

 363 

 364 

Figure 4 - Soil loss measured after natural rainfalls in the experimental plots subjected to three soil 365 

management practices (Locri, Southern Italy). 366 

Legend: Soil Management Practices: SP = Standard Protection of soil; MT = Mechanical Tillage; 367 

NTR = No Tillage and Retention of vegetal residues. 368 

 369 

3.2. Runoff modelling 370 

 371 

Both the evaluated models (SCS-CN and Horton) showed acceptable coefficients of determination 372 

(r2 > 0.53), which show strong correlations between observations and predictions of runoff volumes 373 

(Figure 5a, b, c and Table 3). The prediction accuracy of the Horton model in simulating runoff 374 

volume was generally low. Moreover, although the model efficiency was satisfactory for three of 375 

the three simulated SCPs (NSE > 0.54), the value of NSE was poor for the NTR practice and the 376 

differences between the mean observed and predicted runoff volumes were always over 30%.  377 

 378 

Model inaccuracy is attributed to the noticeable overestimation of the modelled runoff volumes, 379 

shown by the negative values of PBIAS (i.e., over 0.30) (Table 3), since the model was not 380 

calibrated and the infiltration rate curves, although updated every six months, were not able to 381 



reproduce the variability of infiltration rates over time. Also, the variability of the infiltration rate 382 

between the areas beneath the tree canopies and the lanes, which is typical of an orchard, may 383 

explain the outlined model inaccuracy to simulate runoff. In this study, infiltration was measured in 384 

the lanes to reduce interferences with trees, and this could have affected the model reliability. 385 

 386 

Runoff predictions using the SCS-CN model running with default parameters were not satisfactory. 387 

The runoff volumes were slightly over-predicted by the SCS-CN model (PBIAS < 0) for NTR, and 388 

under-predicted for MT and SP plots (PBIAS equal to 0.09 and 0.34, respectively). The model 389 

prediction accuracy was poor for SP (E = 0.49) and satisfactory for MT, and NTR plots (E equal to 390 

0.71 and 0.65, respectively), but not optimal (in this case E would be over 0.75).  391 

 392 

To improve the model reliability, the CNs were decreased in all plots during the calibration, which 393 

noticeably improved the runoff prediction capability of the SCS-CN model. The model’s tendency 394 

to over- or under-prediction decreased, particularly for the SP plot (PBIAS from 0.34, before 395 

calibration, to 0.13, with calibrated CN). Calibration generally gave runoff prediction close to the 396 

corresponding observations for all the investigated SCPs. The differences between the observed and 397 

simulated mean runoff were lower than 7% with a minimum of 3.4% recorded for MT plot (Figures 398 

5a and Table 3). The optimal values of model efficiency were good (NSE > 0.85). Further model 399 

simulations using higher CNs in winter and lower values in summer did not improve the runoff 400 

prediction accuracy (data not shown). The use of mulching leads to further decrease the 401 

hydrological response of soils. 402 

 403 

The calibrated CNs, although being lower compared to the default values, were higher compared to 404 

the values suggested for olive groves with clay soils (between 64 and 88) by Romero et al. (2007). 405 

However, these authors carried out their modelling experience in olive groves with a slope of 5%, 406 

which is much lower compared to our experimental plots (Table 1). Only the CN values calibrated 407 

for mulching were close to the experimental values by Romero et al. (2007), who, however, did not 408 

evaluate the hydrological effects of mulching.  409 

 410 

Other modelling experiences using the SCS-CN model, Taguas et al. (2015a) successfully used a 411 

CN close to 66 to model runoff in the CN-based DWBR (Daily Water Balance and Runoff) model 412 

in a large olive grove of Southern Spain. The same authors achieved optimal CNs between 83 and 413 

87 in a small catchment in the same environment (Taguas et al., 2015a). In clayey olive groves of 414 



Southern Italy, the AnnAGNPS model was able to predict with accuracy runoff volumes, after 415 

calibration of the CN-based rainfall-runoff sub-component (Bisantino et al., 2013). Good model 416 

performances were also shown by Uwizeyimana et al. (2019) and Jain et al. (2006) in applications 417 

of the SCS-CN model in clayey soils of Rwanda and USA, respectively. 418 

 419 

This study suggests the feasibility of using the SCS-CN method in similar conditions as the 420 

experimental soils and slopes of Southern Italy. However, the model should be further validated in 421 

the same climate using further experimental data on rainfall-runoff relationships in olive groves 422 

with different soils and slopes. Moreover, we feel the need to (i) investigate the performance of the 423 

suggested CN values at the catchment scale, (ii) implement the effect of various soil moisture 424 

accounting systems, and (iii) extend the suggested CNs to a broader range of regions, in accordance 425 

with Soulis (2021).  426 

 427 

Improvements in the available conversion equations for AMCs, which were prepared in non-arid 428 

environments (Farran & Elfeki, 2020), may be beneficial to refine runoff estimations using the 429 

SCS-CN method. Finally, since the SCS-CN method does not reproduce the changes in soil 430 

properties due to management or other factors, more studies may improve the model simulation of 431 

temporal evolution of soil properties (Romero et al., 2007). Until then, our results indicate that the 432 

suggested values of CN should be used instead of the standard SCS values for runoff predictions in 433 

olive groves of the Mediterranean region with similar soils, climate, and management conditions. 434 

 435 

Table 3 - Values of the indicators evaluating runoff predictions capacity of the SCS-CN and Horton 436 

models applied to plots subjected to the three SCPs (Locri, Southern Italy). 437 

 438 

Soil 
condition 

Variable Model Input CN 
Mean 
[mm] 

Standard 
deviation 

[mm] 
r2 NSE  PBIAS 

 Observed  28.85 31.73 - - - 
 Horton 37.41 34.68 0.73 0.65 -0.30 

 Default 26.12 25.08 0.72 0.71 0.09 
MT  

Simulated SCS-
CN  Calibrated  29.87 34.88 0.93 0.91 -0.04 

 Observed  26.52 30.07 - - - 
 Horton  34.68 30.09 0.65 0.54 -0.31 

 Default 17.47 13.83 0.74 0.49 0.34 
SP  

Simulated SCS-
CN  Calibrated  23.02 25.62 0.97 0.94 0.13 



 Observed  22.06 23.89 - - - 
 Horton  28.62 29.22 0.53 0.26 -0.30 

 Default 25.70 23.44 0.67 0.65 -0.16 
NTR  

Simulated SCS-
CN  Calibrated  25.27 29.16 0.93 0.85 -0.16 

Notes: Soil Management Practices: SP = Standard Protection of soil; MT = Mechanical Tillage; NTR = No Tillage and 439 

Retention of vegetal residues; r2 = coefficient of determination; NSE = Nash & Sutcliffe, coefficient of efficiency; 440 

PBIAS = percent bias. 441 



 442 

(a) 443 

 444 

 445 

(b) 446 

  447 



 448 

(c) 449 

Figure 5 - Scatterplots of observed vs. simulated runoff volumes using the SCS-CN (with default or 450 

calibrated CNs) and Horton models in the plots simulating three SCPs (a, MT; b, SP, and c, NTR) 451 

(Locri, Southern Italy). 452 

Legend: Soil Management Practices: SP = Standard Protection of soil; MT = Mechanical Tillage; 453 

NTR = No Tillage and Retention of vegetal residues. 454 

 455 

3.3. Erosion modeling 456 

 457 

Erosion models with default C-factors showed a poor prediction capacity for soil losses measured 458 

under all the three SCPs. The coefficient of determination was over the acceptance limit of 0.50 459 

only for the MT plot (Figure 6a); both the coefficients of efficiency and the differences between the 460 

mean observed and simulated soil losses were poor (NSE < 0 and errors over 17% with a peak of 461 

+70%). This inaccuracy is mainly attributed to the over-estimation (in all the modelled SCPs for the 462 

MUSLE and USLE-M models) tendency of the observed soil losses, as clearly shown by the large 463 

values of the PBIAS index (always under 0.16 with a peak of -2.42 recorded for the MUSLE 464 

model) (Table 4 and Figure 6).  465 

 466 

The over-prediction of the MUSLE model was reported in some other studies carried out for 467 

different environments (Noor et al., 2010; Shen et al., 2009; Chen and Mackay, 2004). The low 468 



prediction capability was attributed to the fact that the model is applied in an environmental context 469 

that is different from those for which the MUSLE model was developed. More generally, Nearing 470 

(2000) and Flanagan & Nearing (1995) have highlighted that small soil loss is usually over-471 

predicted by USLE family models. 472 

 473 

The observed over-estimation tendencies shown by both erosion models suggests their calibration 474 

through the C-factor for each SCP. Therefore, this factor was decreased for all SCPs in order to 475 

reduce these tendencies (Table 1). For both the MUSLE and USLE-M models, the calibration 476 

process was considered necessary for improving their prediction accuracy. For instance, Di Stefano 477 

et al. (2007) and Bagarello et al. (2015), applying the USLE-M in plots of Western Sicily (Italy), 478 

highlighted the importance of the calibration process to make possible its adaption to the different 479 

climatic and edaphic conditions. 480 

 481 

In this study, calibration noticeably increased the prediction accuracy of both models. The 482 

coefficients of determination (Figures 6 a, b, c and Table 4) were over 0.75, with a maximum of 483 

0.92 (USLE-M model applied to SP plot). For almost all the SCPs evaluated, the coefficients of 484 

efficiency were good (NSE > 0.75) (Table 4). Thanks to the calibration process, the tendency to 485 

erosion over-estimations was noticeably reduced, both the calibrated models showing values of the 486 

PBIAS indexes under 0.09 (noticeably lower compared to the acceptance limit of 0.55, suggested 487 

by Moriasi et al., 2007, for erosion modelling).  488 

 489 

The calibrated models produced differences between the mean observed and predicted soil losses 490 

lower than 10% (MUSLE model applied to SP plots) and 8% (USLE-M model predicting soil loss 491 

under NTR management). Even a simple visual comparison of the observed vs. modelled soil losses 492 

shows a low scattering of points around the line of perfect agreement (Figure 6). 493 

 494 

The satisfactory performance of the MUSLE model was somewhat surprising given that this model 495 

has been applied at the pilot scale in only a few previous studies after calibration (McConkey et al., 496 

1997; Pongsay et al., 2010). In order to further improve the MUSLE performance in erosion 497 

modelling, Sadeghi et al. (2014) and Michalec et al. (2017) proposed its calibration using a long-498 

lasting series of observations, which allows the reduction of model uncertainty, even if a good 499 

correlation has been reported after a few erosive events. Moreover, Gwapedza, et al. (2018) 500 



suggested testing sensitivity to different physical factors including plot or basin size by adopting a 501 

distributed form of the plot in order to improve the model performance. 502 

 503 

The underprediction detected for these USLE-M and MUSLE models in this study is in contrast 504 

with the usual behaviour of USLE-family models, which generally overpredict the lower soil loss 505 

(Nearing, 2000). Other modelling experiences highlighted that the applications of USLE-family 506 

models in different contexts can both over- or under-predict soil loss. More specifically, Biddoccu 507 

et al. (2020), applying the RUSLE model to the soils with permanent cover crops, predicted soil 508 

losses that were lower or close to soil formation rate in Europe. Bagarello et al. (2017; 2020), using 509 

the USLE-M model, reported an underestimation of soil loss for lower-intensity events.  510 

 511 

Since five (K, L, S, C and P) of the six USLE-factors are common in the two models under each 512 

SCP, it is possible to compare the effects of the R-factor (linked to the rainfall erosivity) on the 513 

predicted soil losses. It cannot be excluded that the higher accuracy found for the USLE-M in 514 

simulating erosion of soils treated with mulching (NTR) is due to the information provided through 515 

the use of observed Q and qp in the R-factor, missing in the MUSLE model. The applications of Q 516 

and qp simulated in modelling soil loss in the absence of measured input variables could reduce this 517 

accuracy. Soil mulching reduces erosion limiting the particle detachment due to the rainsplash 518 

process rather than limiting sediment transport due to overland flow (Singer et al., 1981; Pan et al., 519 

2010; Li & Xie, 2014). Conversely, the best performance of the MUSLE model detected in the MT 520 

and SP plots may be linked to the presence of a factor linked to the peak flow rate, which is better 521 

able to reproduce the particle detachment due to the erosivity of the overland (laminar and 522 

concentrated) flow. However, the practical applicability of the MUSLE model is lower, since the 523 

determination of the qp sub-factor is generally less easy compared to the coefficient of runoff, only 524 

required by the USLE-M equation.   525 

 526 

In our study, further attempts to improve the erosion prediction capacity of both models using other 527 

calibration strategies were not successful. For instance, neither the use of the C-factors suggested by 528 

the European Soil Data Center (ESDC) (Panagos et al., 2015) or the input of seasonally-varying 529 

values (that is, higher and lower values in winter and summer, respectively, Sadeghi et al., 2014), 530 

did not improve the prediction performance of both models (data not shown).  531 

 532 



In other studies, model accuracy and reliability under variable C-factors were evaluated in different 533 

environmental conditions (Risse et al., 1993; Laflen et al., 2004). At the European scale, Panagos et 534 

al. (2015) proposed C-factors between 0.1 and 0.3 (Italy), and 0.22 and 0.24 (Spain) were suggested 535 

for croplands of those countries. Several authors proposed C-values for cultivation operations in 536 

olive groves (Moreira Madueño, 1991, 0.4; Kok et al. 1995, 0.54; Giraldez et al. 1989, 0.4 for 537 

conventional tillage and 0.45 for no tillage; Gomez et al., 2003, 0.41 for conventional and no 538 

tillage). Gomez et al. (2021) found a range between 0.12 and 0.50 for the different soil management 539 

declared by farmers in Southern Spain, while Brini et al. (2021) and Chafai et al. (2020) proposed 540 

for olive groves generic values of 0.2 and 0.5, respectively. Folly et al. (1996) used much higher C-541 

values (0.7) for olive areas, and Lopez-Vicente and Navas (2009) even suggested a mean C-factor 542 

of one for olive trees in a catchment of Spanish pre-Pyrenees.  543 

 544 

Modelers frequently propose C-factors based on poor understanding of the methodological and 545 

geographical origin of these values and often without a description of the specific crop management 546 

systems. Therefore, the results may not be compatible with other sites (Rocha and Sparovek, 2021). 547 

Therefore, the estimation of the site-specific C-factors using locally measured data, as was the aim 548 

of our study, increases the erosion prediction accuracy of USLE-family models (Kebede et al., 549 

2021). 550 

 551 

In this investigation, the C-values proposed for the modelled SCPs were calibrated using 552 

observations collected at only one site following a standard procedure that is based on 553 

approximations and visual comparison. In many cases, this procedure can be misleading and must 554 

be validated in other environmental conditions or supported by external parameters. For example, 555 

Soil Moisture Tension (SMT) comparison is one suitable method to detect the difference between 556 

the measured C-factor and the RUSLE C-factor with SMT (Hammad et al., 2004). Bearing in mind 557 

the limitation of our study, the C-value proposed for mulched plots could be reliable at least for 558 

steep and clayey soils of Mediterranean conditions and fills the lack of similar values for mulching 559 

applications in the literature.  560 

 561 

Further improvements of the USLE-family models could consider: (i) the use of a subfactor, which 562 

introduce the modification of the erosion risk due to changes in the soil moisture content, according 563 

to the suggestions by Biddoccu et al. (2020); and (ii) the evaluation of the effects of management on 564 



soil conditions, to improve the understanding of the system and to predict its temporal changes 565 

(Gomez et al., 2003). 566 

 567 

 568 

(a)  569 

 570 

 571 



(b) 572 

 573 

(c) 574 

Figure 6 - Scatterplots of observed vs. simulated soil losses using the MUSLE and USLE-M models 575 

(with default or calibrated C factor) in the plots simulating three SCPs (a, MT; b, SP, and c, NTR) 576 

(Locri, Southern Italy). 577 

Legend: Soil Management Practices: SP = Standard Protection of soil; MT = Mechanical Tillage; 578 

NTR = No Tillage and Retention of vegetal residues. 579 

 580 

 581 
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 586 

 587 

 588 
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 590 

 591 



 592 

Table 4 - Values of the indicators evaluating runoff predictions capacity of the MUSLE and USLE-593 

M models applied to plots subjected to the three SCPs (Locri, Southern Italy). 594 

 595 

Notes: Soil Management Practices: SP = Standard Protection of soil; MT = Mechanical Tillage; NTR = No Tillage and 596 

Retention of vegetal residues; r2 = coefficient of determination; NSE = Nash & Sutcliffe, coefficient of efficiency; 597 

PBIAS = percent bias. 598 

 599 

 600 

Soil 

condition 
Variable Model C-factor 

Mean 

[tons ha-1] 

Standard 

deviation  

[tons ha-1] 

r2 NSE PBIAS 

 Observed 0.09 0.05  -  -  - 

Default  0.12 0.12 0.60 -3.50 -0.32 
MUSLE 

Calibrated  0.09 0.06 0.87 0.76 -0.02 

Default  0.11 0.07 0.66 -0.23 -0.22 

MT 
Simulated 

USLE-M 
Calibrated  0.09 0.05 0.89 0.87 0.02 

 Observed 0.03 0.04  - -   - 

Default  0.12 0.05 0.38 -6.67 -2.42 
MUSLE 

Calibrated  0.04 0.03 0.83 0.81 -0.11 

Default  0.05 0.04 0.33 -0.18 -0.49 

SP 
Simulated 

USLE-M 
Calibrated  0.03 0.04 0.92 0.90 0.05 

  Observed 0.02 0.01  - -  -  

Default  0.02 0.02 0.49 -2.38 -0.16 
MUSLE 

Calibrated  0.02 0.01 0.78 0.76 -0.03 

Default  0.02 0.02 0.14 -2.57 -0.23 

NTR 
Simulated 

USLE-M 
Calibrated  0.02 0.01 0.86 0.83 0.07 



4.  Conclusions 601 

 602 

This study has modelled runoff and erosion for an olive grove with a steep slope and clayey soil 603 

under different SCPs typical of Southern Italy, providing important information regarding four 604 

research questions.  Firstly, the dominant runoff generation mechanism of the experimental soils 605 

may be due to soil saturation (as shown by the higher runoff prediction accuracy of the SCS-CN 606 

model compared to the infiltration model proposed by Horton) rather than to infiltration excess, as 607 

it would expected in soils of the semi-arid environments. Secondly, soil loss was mainly due to 608 

rainsplash erosion in the soils treated with mulching (suggested by the better performance for this 609 

management by the USLE-M model, whose rainfall erosivity is based on the R-factor performed 610 

better). Soil loss produced under the other modelled SCPs (mechanical tillage and total soil 611 

protection) mainly depends on overland flow, which determines particle detachment (suggested by 612 

the higher accuracy of the MUSLE equation, which includes parameters related to surface runoff). 613 

Thirdly, for all soil conditions, the SCS-CN model provides more accurate predictions of surface 614 

runoff as compared to the Horton equation. For soil erosion, the MUSLE model showed better 615 

performances in soils subject to mechanical tillage or total protection, while the USLE-M equations 616 

provided more accurate soil loss predictions in plots treated with mulching. Fourthly, our study 617 

confirms other literature results, stating that the calibration process is a prerequisite for the tested 618 

models for accurate predictions of surface runoff and soil loss. For olive orchards with a steep 619 

slope and clayey soil of Southern Italy the following two sets of CNs and C-factors values can be 620 

suggested for applications of the SCS-CN and USLE-family models, respectively: 621 

 622 

- 95 (MT), 70 (SP), and 85 (NTR) for runoff modelling;  623 

- 0.4 (MT), 0.2 (SP), and 0.1 (NTR) for soil loss predictions.  624 

 625 

Overall, this study has confirmed the viability of the SCS-CN and 626 

USLE-family models to simulate runoff and water erosion in olive 627 

groves of the Mediterranean semi-arid environments under different soil 628 

conditions. Although this assumption is limited to the experimental 629 

conditions, the results are encouraging for further application of these 630 

conceptually simple and widely-used models in analogous climatic and 631 

geomorphologic conditions. Further modeling studies should also 632 

enlarge the spatial scale from plots to watersheds, using more complex 633 

hydrological models including the studied equation as rainfall-runoff 634 



transformation and erosive components. Once validated in a wider range 635 

of environmental contexts, these models may support the land managers 636 

to control runoff and erosion in agricultural soils that are prone to 637 

hydrogeological risks. 638 
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