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ABSTRACT
The Natural Resources Conservation Service (NRCS)-curve number (CN) method was originally proposed to predict runoff 
on small and midsize catchments, but it has also been used at the scale of erosion plots. In this case, uncertainties exist with 
reference to the factors, for example, scale effects, affecting the experimental CN values. In this study, the reliability of the CN 
method in reproducing plot runoff is analysed by using data collected at the Sparacia erosion plots (Sicily, Southern Italy), which 
are characterised by different sizes and steepness. This investigation aimed to test the possibility of using simulated runoff 
within universal soil loss equation (USLE)-type models, including runoff as a term in the erosivity factor. This analysis pointed 
out that the experimentally determined value of the initial abstraction ratio of the CN method was very low (0.0001). For each 
plot type (i.e., fixed length and steepness), the calibration was performed for 18 combinations of three rainfall ranges (all data, 
rainfall depth less than the median, and exceeding the median), two calibration approaches (least-squares and median value) and 
three datasets (all data, interrill, and rill). The best CN model fit was systematically produced for data with rainfall depth less 
than the median. The least-squares calibration approach generally performed slightly better than the median value one. Results 
showed that the CN method can be considered effective only for events producing rills. The CN values generally increased with 
plot steepness and decreased as plot length increased. For each plot type, CN tendentially increased for increasing soil moisture 
before the rainfall event, but moisture and rainfall depth were able to explain a minor part (from 19.5% to 41%) of CN variance. 
Finally, the USLE-MB that incorporates runoff simulated by the CN method was found to satisfactorily predict (relative standard 
error = 0.69, Nash and Sutcliffe Efficiency Index = 0.54) event soil loss caused by simultaneous interrill and rill erosion due to the 
higher rainfall depths recorded at the Sparacia station.

1   |   Introduction

Predicting plot soil loss at the event temporal scale is neces-
sary to design effective soil conservation measures since a large 

proportion of total soil erosion over a long time period is due 
to a relatively few large storms (Edwards and Owens  1991; 
Larson et al. 1997; Bagarello et al. 2010b; Bagarello, Di Stefano, 
et  al.  2011; Pampalone and Ferro  2020). Due to its relative 
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simplicity, empirical modelling of the soil erosion process is at-
tractive from a practical point of view (Cao et al. 2015; Gessesse 
et al. 2015; Bagarello, Ferro, and Flanagan 2018). However, the 
empirical approach has been questioned by different researchers 
since the physics of the process is not accurately described and 
empirical models are strictly valid with reference to the calibra-
tion environments (Morgan 2005; Boardman 2006). On the other 
hand, process-oriented models simulate different hydrological 
(infiltration and runoff) and erosive (soil detachment, transport 
and deposition) components of the erosion process, but some 
doubts and difficulties arise from both the used equations and 
the parameter estimation (Bagarello, Ferro, and Flanagan 2018). 
For example, the interrill erodibility, which is a key parameter 
in the Water Erosion Prediction Project (WEPP) model, ignores 
the influence of the soil structure, especially the aggregate sta-
bility that affects soil susceptibility to raindrop detachment (Liu 
et al. 2023). Pragmatically, empirical and process-oriented mod-
els constitute a complementary suite of models to be chosen to 
meet the specific user need (Nearing 2013; Bagarello, Ferro, and 
Flanagan 2018). Consequently, the empirical approaches of soil 
loss prediction continue to receive interest from the scientific 
community (Kinnell 2019, 2023; Bagarello et al. 2020).

The universal soil loss equation (USLE) (Wischmeier and 
Smith 1978) represents the most widely used empirical soil loss 
prediction model. Although the USLE was not designed to pre-
dict short-term soil losses (Ferro 2010), this equation has repre-
sented the basis to develop variants usable at the event temporal 
scale. In this context, an empirical approach that seems prom-
ising to estimate event soil loss makes use of an erosivity index 
given by the combination of the event runoff coefficient, QR 
(−), and the single-storm erosion index, EI30 (MJ mm ha−1 h−1). 
I30 (mm h−1) is the maximum 30-min rainfall intensity and 
E (MJ ha−1) is the rainfall energy calculated according to 
Wischmeier and Smith  (1978) starting from the rainfall ki-
netic energy per unit volume of rainfall and unit area (Carollo 
et al. 2018; Serio et al. 2019).

In particular, using the QREI30 term as the erosivity index, the 
so-called USLE-M model was empirically derived (Kinnell and 
Risse  1998; Kinnell  2007, 2010). Bagarello et  al.  (2008, 2010b, 
2013, 2015b); Bagarello et al.  (2010a) proposed a modified ver-
sion of the USLE-M, named USLE-MM, in which the QREI30 
term was raised to a power, b1, greater than one. In the more 
recently proposed USLE-MB (Bagarello, Di Stefano, et al. 2018; 
Pampalone et al. 2018; Di Stefano et al. 2019), the erosivity index 
was still defined by considering both QR and EI30, but only the 
former term was raised to an exponent b1 greater than 1. The 
USLE-MM and USLE-MB models were developed on data 
collected on bare plots established at the Sparacia experimen-
tal station for soil erosion measurement in Sicily, South Italy 
(Pampalone et al. 2022). A recent study (Pampalone et al. 2023) 
revealed an increased predictive ability of the USLE-MB when 
differently parameterised for rill + interrill and interrill data, 
that is, using events with simultaneous rill and interrill erosion 
or events with the single interrill component. The USLE-MB 
parameterised with rill + interrill data is given by the following 
Equation (1):

where Ae (t ha−1) is plot soil loss at the event scale, l (m) is the plot 
length, s (−) is the plot steepness, and α = 0.58 for 11 ≤ l ≤ 22 m 
and α = 0 for 22 ≤ l ≤ 44 m. The exponent b1 = 1.012 practically 
coincides with that of the USLE-M (b1 = 1).

Event soil loss prediction by the mentioned variants of the 
USLE requires an estimation of the event runoff (Yu et al. 1997; 
Vandervaere et al. 1998; Todisco et al. 2015). Runoff should be es-
timated with a simple method, especially in terms of input data, 
not to make event soil loss prediction nearly impossible in practise.

With reference to this last point, a step forward that could be 
made is to couple any variant of the USLE with the Natural 
Resources Conservation Service (NRCS) curve number (CN) 
method (SCS 1985, 1993), as suggested by Gao et al. (2012).

This method is based on the following equations:

where Q (mm) is the runoff volume per unit plot surface, P (mm) 
is the total precipitation depth, λ is the initial abstraction ratio 
and S (mm) is the maximum potential retention. The CN is re-
lated to S as:

and varies from 1 to 100, with larger CNs estimating higher 
runoff.

From a practical point of view, coupling USLE variants and CN 
method appears reasonable since the latter should be character-
ised by a remarkable simplicity of application as the main runoff 
producing characteristics, including soil type, land use/treatment, 
surface conditions and soil moisture conditions, are incorporated 
into a single parameter (Ponce and Hawkins 1996). In other terms, 
runoff estimation would not represent an obstacle to soil erosion 
estimation. According to Ponce and Hawkins  (1996), simplicity, 
that is linked to the conceptual nature of the method (Branson 
et al. 1962, 1981), does not imply necessarily an inferiority of the CN 
method as compared with more complex physically based meth-
ods. Accuracy of the CN method in estimating runoff depth (Ponce 
and Hawkins 1996) can depend on several factors, including (i) the 
marked sensitivity of the predicted runoff to curve number, (ii) the 
circumstance that the determination of the antecedent moisture 
condition is left to the user without any guide, (iii) the method is 
applied to sites different from that of the original deduction (range 
and forest types), and (iv) an abstraction ratio different from the 
original standard value of 0.2 is used to consider the variability due 
to different geologic and climatic settings (Bosznay 1989).

The CN method has also been adopted by many hydrologi-
cal models to determine runoff, such as Chemical Runoff and 
Erosion from Agricultural Management Systems (CREAMS) 
(Knisel 1980), Areal Nonpoint Source Watershed Environment 
Response Simulation (ANSWERS) (Beasley et  al.  1980), 
Agricultural Non-Point Source (AGNPS) (Young et  al.  1989), 

(1)Ae = Q1.012
R EI30 0.334

(
l

22

)�

190.27
[
exp(0.06s) − 1

]

(2)

⎧⎪⎨⎪⎩

Q=
(P−𝜆S)2

P+(1−𝜆)S
if P−𝜆S>0

Q=0 otherwise

(3)CN =
25400

S + 254
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Erosion Productivity Impact Calculator (EPIC) (Sharpley and 
Williams  1990) and Soil and Water Assessment Tool (SWAT) 
(Neitsch et al. 2005).

Of course, a consequence of the mentioned simplicity of the CN 
approach is that some of the factors that influence rainfall-runoff 
transformation are described only approximately or are totally 
ignored, and the method, working in the mean, describes aver-
age trends (Ponce and Hawkins  1996). In other words, the CN 
approach does not consider the spatial and temporal variability 
of infiltration and abstraction rates and gives average runoff esti-
mates accordingly. A conceptual implication of this circumstance 
is that coupling the CN method with a variant of the USLE should 
yield an estimate of the mean value of the event soil loss that can 
locally occur under a given hydrological forcing. In other terms, 
the predicted soil loss will be the expected mean event soil loss 
when the area of interest is subjected to a fixed rainfall depth 
value for a large number of times. Testing this concept as well as 
assumptions and simplifications of the CN method could help to 
improve the representation of these average trends.

The CN method has no explicit provision for spatial scale ef-
fects and it is assumed to apply to small and midsize catchments 
(Ponce and Hawkins 1996). However, it has also been used at 
the plot scale (e.g., Huang et al. 2006, 2007; Fu et al. 2011; Gao 
et al. 2012; Lal et al. 2015; Shi et al. 2018). The effects of plot 
length and steepness on total runoff are not considered by the CN 
method although these effects on event surface runoff have been 
widely documented in the literature (e.g., Evett and Dutt 1985; 
Chaplot and Le Bissonnais 2000; Bagarello et al. 2015a; Bagarello 
and Ferro  2017). Sharpley and Williams  (1990) included an 
empirical slope factor into the CN method but subsequent in-
vestigations (Huang et  al.  2006; Lal et  al.  2015) demonstrated 
that this slope factor did not improve runoff prediction, if not 
marginally, in other environments. Consequently, alternative 
methods to take steepness effects into account were suggested 
(Huang et al. 2006; Lal et al. 2015), but due to the empirical ori-
gin of these methods they cannot be considered usable in other 
sites without testing. Moreover, there seems to be little or noth-
ing regarding the link between the CN and the plot length. In 
the recent past, data from plots of different length were averaged 
starting from the premise that the CN model cannot take the 
effect of plot length into account (Gao et al. 2012).

To describe the soil water content conditions before a runoff 
event, the CN method commonly uses three discrete levels of 
soil antecedent moisture, AMC, defined by the 5 days antecedent 
rainfall depth. The use of three discrete levels implies a sudden 
jump in the CN value from one level to another (Hawkins 1978). 
Hawkins et al. (1985) interpreted the AMC categories as enve-
lopes indicating the experienced variability in rainfall–runoff 
data, and Ponce and Hawkins (1996) suggested that site mois-
ture acts as a surrogate for all other sources of variability, be-
yond that which could be attributed to soil, land use/treatment, 
and surface condition. In this perspective, antecedent rainfall 
could not describe well antecedent moisture effects that instead 
have to be established locally, as also demonstrated by Huang 
et al. (2007) and Lal et al. (2015).

Another factor to be considered is initial abstraction, that is the 
amount of rainfall abstracted as interception, infiltration and 

surface storage before runoff begins (Ponce and Hawkins 1996). 
This initial abstraction is described as a fixed fraction, λ, of po-
tential retention, S (Equation  2). The standard value is λ = 0.2 
but a wide range of values (0 < λ ≤ 0.49) has been reported in the 
literature (Ponce and Hawkins  1996; Hawkins et  al.  2002; Fu 
et al. 2011; Assaye et al. 2021). According to Lal et al. (2015), the 
standard λ value can be too high at the plot scale and values of 
0–0.03 could be more appropriate. Moreover, λ can also be ex-
pected to vary with the antecedent moisture (Mishra et al. 2006).

According to Ponce and Hawkins (1996), the CN method could 
better describe runoff generation due to the saturation overland 
flow mechanism as compared with the Hortonian one. The ac-
curacy of the predicted event runoff with the CN method could 
depend (Fu et al. 2011; Moglen et al. 2022) on the event rain-
fall depth. A given area could respond differently in terms of 
the experimentally obtained CN value depending on the rainfall 
characteristics (intensity, duration, spatial variability, rainfall 
event threshold) of the hydrological forcing (Chin 2023; Moglen 
et al. 2023). Translating this reasoning into the field of erosive 
phenomena that depend on this hydrological forcing, it cannot 
be excluded that the CNs could vary with rainfall erosivity or 
with the prevailing soil erosion mechanism such as, for exam-
ple, only interrill or rill plus interrill. Support for this hypothesis 
can be found in Bagarello, Ferro, et al. (2011) since these authors 
reported that the effect of the plot length on total runoff varied 
from negligible to significant for low erosivity events but it was 
limited for highly erosive events.

In any case, different calibration methods can be applied to ob-
tain the experimental CN values. Moglen et al. (2022) compared 
alternative methodologies and they gave some practical sugges-
tions on the most appropriate method to be used. Considering 
these suggestions of general validity requires supporting the re-
sults by Moglen et al. (2022) in other environments than those 
sampled by these authors.

Finally, the available scientific literature highlights that, for the 
method application at the plot scale, a research gap exists with 
reference to the expected scale effects on the experimental CN 
values, the description of the antecedent soil water conditions, 
and the assumptions concerning initial abstraction. An aspect 
that has not been investigated until now is the applicability of 
the method to plots subject to different erosive forms, that is, in-
terrill and rill, since it is reasonable to expect differences due to 
different ways of runoff conveyance. Moreover, the calibration 
methods need to be compared for a given sampled site to identify 
which produces the best performance of the CN method.

Most of the investigations particularly focused on the USLE-MM 
and the USLE-MB have been carried out at the Sparacia exper-
imental station of the Department of Agricultural, Food and 
Forest Sciences, Palermo University. It was established on clay 
soil and includes bare plots with lengths varying from 11 to 44 m 
and steepness values varying between 9% and 26%. Testing the 
CN method at this experimental station can help one step further 
in the direction outlined by Gao et al. (2012) of predicting event 
soil loss by coupling simple hydrological and soil erosion models.

The general objective of this investigation was first to estab-
lish the conditions, in terms of rainfall depth, type of erosion 
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process, and calibration approach, in which the NRCS-CN 
method (Equations 2 and 3) can be expected to perform better at 
Sparacia. Then, the possibility of coupling the simulated runoff 
and the USLE-MB (Equation 1) is assessed using data collected 
at the Sparacia station. The rainfall-runoff measurements per-
formed during a prolonged observation period (2002–2019) were 
used to calibrate the CN at the plot scale. The specific objectives 
were to: (1) test the CN values from the National Engineering 
Handbook for Sparacia clay soil; (2) establish the specific ini-
tial abstraction ratio; (3) evaluate the CN variability; (4) inves-
tigate potential effects of plot slope, length, and antecedent soil 
moisture on CN; (5) test the reliability of the combination of the 
USLE-MB and CN method in predicting event soil loss.

2   |   Materials and Methods

2.1   |   Plot Description and Experimental 
Measurements

The Sparacia experimental station for soil erosion measure-
ment is located in Sicily, South Italy, approximately 100 km 
south of Palermo. The climate is of Mediterranean semiarid 
type with an average annual rainfall of 700 mm. The soil is 
a Vertic Xerocrept and has negligible gravel content. The 22 
experimental plots installed at Sparacia (Figure 1) feature clay 

soil (62% clay, 33% silt and 5% sand) and have different length 
l, width w, and steepness s. In detail, two plots of 22 m × 2 m 
(l × w) are characterised by s = 9%, six plots of 22 m × 8 m with 
s = 14.9% and a couple of replicated plots for each different size 
(33 m × 8 m, 44 m × 8 m, 11 m × 4 m, 11 m × 2 m, and 22 m × 2 m) 
with s = 14.9% are established at the Sparacia station. A couple 
of 22 m × 6 m plots with s = 22%, and two plots of 22 m × 6 m 
with s = 26% are also established in the experimental area. 
The oldest plots (four plots of 22 m × 8 m) were constructed 
in 1999 and the newest plots (9% sloped) in 2012. Due to the 
increasing extent of the experimental station over time, the 
number of available plot measurements varies with the plot 
type. In this paper, in accordance with the USLE scheme, a 
plot type identifies a combination of plot length l and steep-
ness s, regardless of plot width. Indeed, with reference to the 
Sparacia station, Bagarello, Ferro, et al.  (2011) demonstrated 
that plot width effects on event runoff varied from negligible 
to significant for low erosivity events and tended to vanish for 
highly erosive events, which are much more relevant as com-
pared to the former in terms of modelling. The plots are main-
tained in cultivated fallow by tillage with a power cultivator in 
accordance with the reference condition of the USLE.

For each erosive event, rainfall intensity and total precipitation 
depth P (mm), runoff volume per unit plot surface Q (mm), and 
plot soil loss Ae (t ha−1) were measured. The runoff coefficient QR 
was calculated as Q/P.

Rainfall intensity and total precipitation depth were recorded 
by two rain gauges located at two sites within the experi-
mental area where the plots with s = 9% and 14.9% and those 
with s = 22% and 26% are installed, respectively. Runoff and 
sediments were collected into the tanks arranged in series 
downstream of each plot, varying in number from 1 to 3 as 
a function of the plot size. For example, the 11 m long plots 
are equipped with one tank, while the 44 m long plots are 
equipped with three tanks. The runoff Q was determined by 
the suspension level reading, as the geometric characteristics 
of the tanks are known. This is the net runoff volume, that 
is, excluding the volume occupied by the solid fraction, which 
is determined from its weight and the soil specific weight. 
The plot soil loss Ae was measured by sampling the suspen-
sion into the tanks or by direct weighing of all solid materials 
stored in the tanks. The latter method was used only when 
the sediment component sharply prevailed compared to the 
water component. In this case, the total weight of the stored 
suspension (liquid and solid fractions) in the tank was mea-
sured and a representative sample was extracted to determine 
the dry weight to wet weight ratio. The sampling of the sus-
pension was applied otherwise, and Ae was obtained as the 
product of the suspension volume and the mean concentra-
tion measured by the sampling procedures described in other 
papers (Bagarello et al. 2004; Carollo et al. 2016; Pampalone 
et al. 2022) and in the Supporting Information S0.

The summary statistics for the 702 plot-event measurements 
of P and Q, performed from January 2002 to January 2019, are 
listed in Table 1. Within this monitoring period, soil moisture 
data were collected until May 2009. The gravimetric soil mois-
ture was measured approximately every 2–3 weeks on three dis-
turbed samples collected near the plots from both the top 0.05 m 

FIGURE 1    |    View of the erosion plots with steepness s equal to (a) 9%, 
(b) 14.9% and (c) 22% and 26%.
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of soil and the 0.05–0.10 m layer and oven-dried. The total num-
ber of sampling dates was equal to 122. The three measured 
values for each layer were averaged for each sampling date to 
obtain the mean soil moisture, θ (kg kg−1). As reported in the 
results section, the soil moisture θ from the top 0.05 m of soil was 
used in the present analysis. The 122 measured values varied 
from 0.05 to 0.47 kg kg−1 (Table 1).

Depending on the erosive event, plots experienced only interrill 
erosion or interrill and rill erosion simultaneously, with the for-
mer occurring much more frequently than the latter. Figure 2 
shows that events with rill formation fall in the upper tail of 
the cumulative frequency distribution of EI30. Moreover, half 
of the EI30 measurements for events with rill formation have 
a not-exceeding frequency ≥ 80%, confirming that rills origi-
nated from the higher erosive rainfall events. Rills were always 
obliterated by tillage to restore identical plot surface conditions 
before the following erosive event. The datasets considered in 
this investigation refer to all available data (AD), data recorded 
for erosive events in which only the interrill component was de-
tected (ID), and data deriving from both interrill and rill erosion 
(RD). In the latter case, rill channels were visually appreciable 
in the plot surface, and the rill component significantly contrib-
uted to total soil loss.

2.2   |   Testing the CN Values From the National 
Engineering Handbook

Initially, the CN values from the National Engineering 
Handbook (NEH) (NRCS  2004a, 2004b) were tested with the 
available measurements. As these values neglect possible slope 
effects, the standard CNs were also slope-adjusted using the fol-
lowing Sharpley and Williams's (1990) equation:

where a, b and c are three coefficients equal to 0.333, 2 and 
13.86, respectively, and s is the slope expressed as m m−1. Also, 
CNII and CNIII are CN values for average Antecedent Moisture 
Condition (AMC II) and AMC III (wet), respectively, and CNII,s 
is the adjusted CNII that is assumed to apply for s = 0.05.

2.3   |   Determination of the Initial Abstraction 
Ratio and CN Calibration

For each of the seven plot types (l = 22 m, s = 9%; l = 11 m, 
s = 14.9%; l = 22 m, s = 14.9%; l = 33 m, s = 14.9%; l = 44 m, s = 14.9%; 
l = 22 m, s = 22%; l = 22 m, s = 26%) the calibration was performed 
for 18 combinations (from C1 to C9 for each calibration approach, 
Table 2) of three rainfall ranges (full set of P, events with P under 
the median value of 41.6 mm, events with P exceeding the me-
dian value), two calibration approaches (median value, MV, and 
least-squares, LS, as defined below) and three datasets (AD, ID, 
RD). Table 2 shows the acronyms that identify all the combina-
tions and the related sample size N including all plot types, which 
varies from 43 to 702.

Following Moglen et al. (2022), the median value (MV) and the 
least squares (LS) approaches were applied for CN calibration.

For each rainfall-runoff (P, Q) observation, the following S value 
that satisfies Equation (2) is determined:

Introducing Equation  (5) into Equation  (3), the individual ex-
perimental CN value, corresponding to each pair (P, Q), is 
determined.

With the MV approach (Mishra et al. 2007), the median of these 
CN values was set as the calibrated CN and applied to calculate 
plot runoff. With the LS approach, the calibrated S value was 
calculated by applying the least-squares technique to minimise 
the following objective function Z:

where Qi and Qcalculated,i are the measured runoff value and that 
calculated by Equation (2) for the single rainfall event, respec-
tively. The calibrated S value was then converted into the cal-
ibrated CN for a given plot type by Equation  (3). The pattern 
of the calibrated CN against plot length and steepness was also 
analysed.

(4)CNII,s = a
(
CNIII − CNII

)
(1 − be−cs) + CNII

(5)S =
2�P − �Q + Q −

√
�
2Q2 − 2�Q2 + 4�PQ + Q2

2�2

(6)Z =

N∑
i= 1

(
Qi−Qcalculated,i

)2

TABLE 1    |    Summary statistics of the measurements of total 
precipitation depth P, runoff Q and soil moisture θ.

P (mm) Q (mm) θ (kg kg−1)a

Number of plot-event 
measurements for P 
and Q and number of 
measurements for θ

702 702 156

Min 11.8 0.03 0.05

Max 145.8 41.6 0.47

Mean 46.7 5.8 0.23

Median 41.6 4.0 0.22

CV 0.61 1.01 0.54
aMonitoring period limited to 2002–2009.

FIGURE 2    |    Cumulative frequency distribution of the rainfall ero-
sivity index EI30 for events with different erosive forms.
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6 of 18 Hydrological Processes, 2025

The CN calibration needs the preliminary determination of 
the appropriate value of the initial abstraction ratio λ, which 
was carried out using all the available experimental informa-
tion (702 data). Different λ values, falling within the range 
derived from literature (λ ≤ 0.2), were applied and, for each of 
them, the calibrated CN for a given plot type was obtained by 
Equations (3) and (5) and the MV approach described above. 
Considering that all the rainfall events used here produced 
runoff, the compliance of the condition P − λS > 0 was im-
posed in determining λ. In addition, to assure the better qual-
ity of runoff estimations, λ was optimised by minimising the 
relative standard error RSE, defined below, calculated on the 
702 data. In other words, the λ value was determined as that 
value simultaneously ensuring the absence of null runoff pre-
dictions and minimisation of RSE.

2.4   |   Relation Between the Individual 
Experimental CN Values and Hydrological Variables

An attempt to explain the expected CN variability for a 
given plot type was performed by relating experimental CNs 
to soil moisture before the erosion event. Specifically, the 
θ values from the top 0.05 m of soil and measured within 
an interval of i days (i = 1, 2, 3, 4, 5) before the erosion 
event were considered as (i) soil moisture in the top layer 
(0–0.05 m) was better related to CN as compared to that in the 
0.05–0.10 m and 0–0.10 m layers, and (ii) the related measure-
ment should have been performed shortly before the erosion 
event to be effectively related to runoff. For best exploiting 
all the available experimental information, the effect of soil 
moisture on CN was explored starting from the 702 CN values 
from the C1-MV. However, considering the actual availabil-
ity of the θ measurement shortly before the erosion event, the 
number of θ–CN pairs ranges from 52 (1-day antecedent soil 
moisture) to 139 (θ measured within the 5 days—interval be-
fore the event).

For the largest data series (l = 22 m, s = 0.149) a multiple log-
linear regression of the experimentally determined CN against 
θ and P was performed, while the regression analysis was not 

carried out for other plot types because of the limited sam-
ple sizes.

2.5   |   Soil Loss Estimations by USLE-MB

As demonstrated in the result section, the CN method was 
reliable in predicting runoff only for rill events. Therefore, 
Equation (1), with the simulated QR value, was applied to esti-
mate soil loss, Ae, for these events. In particular, the soil loss 
data set was split into events with a rainfall depth P lower than 
or equal to 41.6 mm and events with P > 41.6 mm to be consis-
tent with the previous runoff analysis. In other words, data 
belonging to C6-LS and C9-LS combinations (Table  2) were 
used, whose corresponding CN values are reported on S6 and 
S9 in the Supporting Information. For each rainfall range and 
plot type, the runoff depth estimated with the LS approach 
was divided by the rainfall depth to estimate the runoff coef-
ficient QR.

A workflow summarising all the steps from the Section 2.2 to 
the Section 2.5 is reported in Figure 3.

2.6   |   Performance Evaluation

The RSE was applied to quantify the quality of the run-
off estimations with both MV and LS approaches (Moglen 
et  al.  2022), and the soil loss estimations by the USLE-MB 
(Equation 1):

in which σ is the standard deviation of the measured runoff 
values. The modelled runoff and soil loss values are better than 
the mean of the measurements if RSE < 1. A single RSE value 
was determined for (i) each plot type within each combination, 
and (ii) each combination regardless of plot type (Supporting 
Information from S1 to S9) which synthesises the overall CN 
performance.

(7)RSE =
Z0.5

�(N −2)0.5

TABLE 2    |    Acronyms identifying the combinations of the three rainfall ranges, two calibration approaches (MV and LS) and three datasets (AD, 
ID, RD) used in this investigation with the related sample size N including all plot types.

MV LS

11.8 ≤ P ≤ 145.8 11.8 ≤ P ≤ 41.6 41.6 < P ≤ 145.8 11.8 ≤ P ≤ 145.8 11.8 ≤ P ≤ 41.6 41.6 < P ≤ 145.8

AD C1-MV C4-MV C7-MV C1-LS C4-LS C7-LS

N 702 369 353 702 369 353

ID C2-MV C5-MV C8-MV C2-LS C5-LS C8-LS

N 587 297 310 587 297 310

RD C3-MV C6-MV C9-MV C3-LS C6-LS C9-LS

N 115 72 43 115 72 43

Abbreviations: AD = all data; ID = interrill data; LS = least squares calibration approach; MV = median value calibration approach; P = rainfall depth in mm; 
RD = rill + interrill data.
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7 of 18

The Nash and Sutcliffe efficiency index (Nash and Sutcliffe 1970), 
NSEI, expresses the relative magnitude of the residual variance 
compared with the measured data variance, and is related to the 
RSE through the following relationship:

When the model accounts for all the variation in the measure-
ments, NSEI = 1, while NSEI = 0 and NSEI < 0 indicate that the 
model predictions are as accurate as the mean of the measure-
ments and worse than the measured mean, respectively. In 
this paper, this index was used for comparison purposes with 

literature studies (Huang et al. 2006, 2007; Fu et al. 2011; Lal 
et al. 2015; Shi et al. 2018).

In addition to the relative standard error (Equation  7), the fre-
quency distribution of the absolute value of the normalised run-
off prediction error, |Er|, was determined for the combination for 
which the runoff model performed best. |Er| (%) is calculated for 
each data pair of measured, Q, and calculated, Qcalculated, runoff 
depth as:

(8)NSEI = 1 −
(N − 2)

(N − 1)
RSE2

(9)∣ Er ∣ = 100 ∣

(
Q − Qcalculated

)
Q

∣

FIGURE 3    |    Flowchart concerning the methods applied in this investigation.
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8 of 18 Hydrological Processes, 2025

3   |   Results

3.1   |   Testing the CN Values From the National 
Engineering Handbook

According to the criteria reported on tab. 7.1 of the National 
Engineering Handbook (NEH) (NRCS  2009), the Sparacia 
clay soil is assigned to the D hydrologic soil group. For the in-
vestigated bare soil and λ = 0.2, the CN from the NEH tab. 9.1 
(NRCS 2004b) is equal to 94, for an average Antecedent Runoff 
Condition (ARC II). Currently, ARC comprehensively rep-
resents the causes of CN variability (rainfall intensity and dura-
tion, total rainfall, soil moisture conditions, cover density, stage 
of growth, and temperature) and is in place of the AMC that 
was considered in previous NEH versions and focused on the 
antecedent soil moisture.

For dry (ARC I) and wetter (ARC III) conditions, CN is equal to 
85 and 98, respectively (tab. 10.1 of NEH; NRCS 2004a). Figure 4 
shows that the individual CN values for any ARC overestimate 
runoff for more than 80% of data. In addition, the poor perfor-
mance is demonstrated by very high RSE values ranging from 
4.2 to 7.6. The application of the Sharpley and Williams's (1990) 
equation (Equation 4) produced more marked runoff overestima-
tions and worsened the method performance (4.3 ≤ RSE ≤ 32.5).

3.2   |   Initial Abstraction Ratio λ

Figure 5 shows, for discrete values of the initial abstraction ratio 
falling within the range of literature values (λ ≤ 0.2), the num-
ber n of null predictions (Figure 5a) and RSE values (Figure 5b) 
against λ, respectively. For λ < 0.03, all the runoff predictions 
differ from 0, while n increases rapidly as λ increases in the 
range 0.03–0.2. The relative standard error decreases as λ de-
creases to 0.0001, while it is almost constant and equal to 1.38 
under this λ value. Considering these results, the optimised ab-
straction ratio was set to 0.0001. In any case, the high value of 
the minimum RSE underlines the inadequacy, for the complete 
dataset (C1-MV combination), of using a specific CN for plot 
type (l, s), which contrasts with the original approach developed 
to be applied at the watershed scale. Therefore, attempts are 
made in the following to investigate potential effects due to plot 
slope and length, soil moisture before an erosive rainfall event, 
and rainfall depth.

3.3   |   CN Variability

For the 18 investigated combinations (Ci-MV and Ci-LS combi-
nations, with i = 1 to 9), Figure 6 shows the ranges of CN, that 
is, the domains of the values calibrated for the seven plot types, 
and the RSE values determined for N runoff predictions of each 
combination using the specific CNs per plot type. Overall, the 
CN varies greatly from 4.6 to 78 while RSE is from 0.64 to 1.38.

Concerning the entire (Figure 6a,b) and interrill (Figure 6c,d) 
datasets, the 11.8–41.6 mm rainfall range produces wider 
CN ranges and with higher maxima as compared to the other 
two rainfall ranges, regardless of the calibration method. The 

minimum values mirror the same behaviour as the maxima 
for the LS approach while they are substantially independent 
of the rainfall range for the MV approach. For the rill dataset 
(Figures  6e,f) and both the calibration approaches, the extent 

FIGURE 4    |    Comparison between the rainfall depth P–runoff Q ex-
perimental pairs and the curves representing the modelled runoff val-
ues with CNs from the National Engineering Handbook and different 
Antecedent Runoff Conditions (ARCs).
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FIGURE 5    |    Plot of the number of null runoff predictions, n, and the 
relative standard error, RSE, against the initial abstraction ratio, λ, for 
the C1-MV combination.
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of the CN range fluctuates among the three considered rain-
fall depth ranges (11.8–145.8 to 11.8–41.6 and 41.6–145.8 mm). 
The maxima are comparable across the rainfall ranges and the 
minimum values for P over the median (MV approach) or under 
the median (LS approach) differ significantly from the ones ob-
tained for the other two rainfall intervals.

For fixed rainfall range, similar CN intervals are obtained for 
AD and ID, while higher CNs feature RD, regardless of the cal-
ibration approach.

3.4   |   Best Combination of Rainfall Range, Applied 
Dataset and Calibration Approach to Estimate CN

The reliability of the CN model depends on the dataset, as 
demonstrated through the relative standard errors of Figure 6. 
The quality of the runoff estimates is comparable (RSE ≈ 1) or 
worse (RSE > 1) than the mean of the measurements for AD 

and ID, while it is generally better than the mean (RSE < 1) for 
RD. In any case, the LS approach allows for better runoff es-
timates than the MV approach and the RSE minimum value 
(0.64–0.66) is detected for the 11.8–41.6 mm rainfall range. 
Finally, the model is useful to predict plot runoff when rill 
channels develop during the erosion events and works the best 
when it is calibrated with the LS approach and events with 
rainfall depth under the median value recorded over the mon-
itoring period.

3.5   |   Effects of Plot Length, Steepness and Soil 
Moisture on CN

To check for plot length and steepness effects on runoff, as 
stated above, the calibration was performed for individual 
plot types. Figure 7 illustrates, as an example concerning the 
C4-MV and C4-LS combinations, the experimental and cali-
brated CNs arranged for plot length (Figure 7a) and steepness 

FIGURE 6    |    Ranges of the calibrated CN and values of RSE for AD (a, b), ID (c, d) and RD (e, f) and the 18 examined combinations reported in 
Table 2.

C1-MV C4-MV

C7-MV

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1.6

0

10

20

30

40

50

60

70

80

11.8 - 145.8 11.8 - 41.6 41.6 - 145.8

RS
E

CN

(a) RSE

C1-LS

C4-LS

C7-LS

0.0
0.2
0.4
0.6
0.8
1.0
1.2
1.4
1.6

0
10
20
30
40
50
60
70
80

11.8 - 145.8 11.8 - 41.6 41.6 - 145.8

RS
E

CN

(b)

C2-MV C5-MV
C8-MV

0.0
0.2
0.4
0.6
0.8
1.0
1.2
1.4
1.6

0
10
20
30
40
50
60
70
80

11.8 - 145.8 11.8 - 41.6 41.6 - 145.8
RS

E

CN

(c)

C2-LS

C5-LS

C8-LS

0.0
0.2
0.4
0.6
0.8
1.0
1.2
1.4
1.6

0
10
20
30
40
50
60
70
80

11.8 - 145.8 11.8 - 41.6 41.6 - 145.8

RS
E

CN

(d)

C3-MV C6-MV
C9-MV

0.0
0.2
0.4
0.6
0.8
1.0
1.2
1.4
1.6

0
10
20
30
40
50
60
70
80

11.8 - 145.8 11.8 - 41.6 41.6 - 145.8

RS
E

CN

P (mm)

(e)

C3-LS

C6-LS

C9-LS

0.0
0.2
0.4
0.6
0.8
1.0
1.2
1.4
1.6

0
10
20
30
40
50
60
70
80

11.8 - 145.8 11.8 - 41.6 41.6 - 145.8

RS
E

CN

P (mm)

(f)

AD

ID

RD

 10991085, 2025, 7, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/hyp.70205 by M

aria A
ngela Serio - U

niversity D
egli Studi D

i , W
iley O

nline L
ibrary on [11/07/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



10 of 18 Hydrological Processes, 2025

(Figure 7b). Again, a high CN variability is apparent but CN 
decreases for increasing l values and increases with s. There 
are negligible to moderate differences in the calibrated CN 
values between calibration approaches. Similarly, Figure  8 
shows results for the C6-MV and C6-LS combinations, for 
which the runoff model works best. For each plot type, the CN 
variability is high but reduced as compared to the former case, 
and the inverse relation between CN and plot length is con-
firmed while the direct relationship of CN against plot steep-
ness is confirmed but weakened. Negligible differences in the 
calibrated CN values exist between MV and LS approaches, 
and the predicted runoff values reproduce the measured ones 
in an only approximately satisfactory manner (Figure 9) as ab-
solute errors |Er| are less than 50% for 69% of the predictions 
but they are extremely high for 11% of them (Figure 10). The 
NSEI is equal to 0.59.

The above trends of CN with plot length and steepness were al-
ways detected except for 3 out of 36 cases (3 rainfall ranges × 3 
datasets × 2 calibration approaches × 2 relationships) (see S3 and 

FIGURE 7    |    Relationship between the CN values calibrated with the 
mean value (MV) and least squares (LS) approaches and (a) plot length 
and (b) plot steepness for C4-MV and C4-LS. White dots indicate the 
experimentally determined CN values. The regression equations refer 
to the calibrated CNs.
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FIGURE 8    |    Relationship between the CN values calibrated with the 
mean value (MV) and least squares (LS) approaches and (a) plot length 
and (b) plot steepness for C6-MV and C6-LS.
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S9, Supporting Information), all referred to the CN vs. s relation 
and the C3-LS, C9-MV and C9-LS combinations. An acceptable 
to good agreement between the CN values calibrated with MV 
and LS approaches was found for 6 out of 9 comparisons (from 
S4 to S9, Supporting Information).

To assess the variability of the experimental CN for given plot 
type, Figure 11 shows the 139 θ–CN pairs arranged for plot type, 
with θ measured within the 5 days-interval before the event. The 
only not represented plot type is that with s = 9% because there 
are no available soil moisture measurements. The general result 
is that, as expected, CN tendentially increases with soil moisture, 
but the points are greatly scattered around the best fit power re-
lationships. This result is also representative of those obtained 
with θ measured within the time intervals of 1 to 4 days before 
the event. Figure 11 shows that the coefficient of determination 
R2 related to these relationships ranges from 0.12 to 0.31 with a 
single exception of 0.85 and is equal to 0.19 for the largest data 

series (l = 22 m, s = 0.149, 61 data). For the latter, the multiple log-
linear regression of the experimentally determined CN against θ 
and P resulted in:

which is characterised by R2 = 0.195. A significant relative in-
crease of R2 from 0.195 to 0.41 was observed for the following 
Equation (11):

which is based on the sample restricted to rainfall–runoff events 
without rills (49 data), but the estimated performance remains 
poor (Figure 12). This sub-sample was selected as it allows for 
the specification of the erosive form, in addition to plot size and 
steepness, maintaining simultaneously a sufficient sample size 
to perform the regression analysis.

(10)CN = 79.20 �0.542P−0.062

(11)CN = 119.35 θ0.740P−0.153

FIGURE 11    |    Plot of the experimental CN values against the gravimetric soil moisture θ for plots with (a) l = 11 m and s = 14.9%, (b) l = 22 m and 
s = 14.9%, (c) l = 33 m and s = 14.9%, (d) l = 44 m and s = 14.9%, (e) l = 22 m and s = 22% and (f) l = 22 m and s = 26%.
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12 of 18 Hydrological Processes, 2025

3.6   |   Coupling USLE-MB Model With Simulated 
Runoff by CN Method

The benchmark for the performance assessment of the 
USLE-MB with the simulated runoff is the USLE-MB with the 
measured runoff. For comparison purposes, Figure  13 shows 
the scatterplots of the measured Ae values against the Ae val-
ues estimated by the USLE-MB (Equation 1) with the simulated 
(Figure  13a,c) and measured QR (Figure  13b,d), distinguished 
for rainfall range. The scatter of the data points around the 
line of perfect agreement reduces from the lower to the upper 
rainfall range, regardless of the applied runoff coefficient. For 
11.8 ≤ P ≤ 41.6 mm, RSE is equal to 1.04 (NSEI = −0.06) and 

0.96 (NSEI = 0.09) in the case of simulated and measured run-
off, respectively. For 41.6 < P ≤ 145.8 mm, RSE is equal to 0.69 
(NSEI = 0.54) for the simulated runoff and 0.48 (NSEI = 0.77) for 
the measured runoff.

Figure 14 compares the soil loss values estimated by Equation (1) 
using the simulated and measured QR. The scattering of the data 
points for 11.8 ≤ P ≤ 41.6 mm reflects that depicted in Figure 9 for 
runoff as soil loss is proportional to a power of the runoff coef-
ficient according to USLE-MB (Equation 1) and is similar to the 
scattering of estimated soil loss values for 41.6 < P ≤ 145.8 mm.

4   |   Discussion

4.1   |   Testing the CN Values From the National 
Engineering Handbook

The results indicate extremely poor runoff estimates by the stan-
dard CN values for any ARC that cannot represent the event hy-
drologic response of the sampled plots. This expected result is 
due to the nature of the model that ignores factors influencing 
the rainfall-runoff transformation process, such as spatial scale 
effects or rainfall depth. Indeed, Figure 4 shows a runoff vari-
ability for a given rainfall depth that the model cannot repro-
duce because it has a single numerical parameter.

The Sharpley and Williams's (1990) equation assumes that the 
standard CN corresponds to a slope of 5% and gives a slope-
adjusted CN that increases for increasing slope. Considering 
that the slope of the investigated plots varies from 9% to 26%, the 
use of these slope-adjusted CN values produced more marked 
runoff overestimations and worsened the method performance.

The standard model almost systematically overestimated runoff 
from the sampled bare plots, while contrasting results were ob-
tained by Huang et al. (2006, 2007) and Gao et al. (2012). Huang 
et al. (2006) tested the model using plots with a vegetation cover 
of pasture (s = 17%–140%) and alfalfa (s = 14%–18%), while Huang 
et  al.  (2007) used plots with millet (s = 40.4%–46.7%), pasture 
(s = 57.7%), and potato cover. The plots related to the study by Gao 
et al. (2012) were covered with sparse apricot, dense shrubs with 
an arborous layer, and dense tussock and beard grass, respec-
tively, while the slope steepness ranged from 34% to 47%. In all 
three investigations, plots had comparable sizes to the Sparacia 
ones. Huang et  al.  (2006) found that the standard CN method 
underestimated large runoff events (> 5 mm) but overestimated 
some of the small runoff events. According to Huang et al. (2007) 
the standard CN method generally underestimated runoff events, 
while for Gao et al. (2012) it significantly underestimated the ob-
served runoff. Finally, the standard model application produces 
inaccurate runoff estimates for both bare plots and plots with 
vegetation cover, but with estimate errors having opposite signs.

4.2   |   Initial Abstraction Ratio λ

By definition, the initial abstraction ratio λ of Equation (2) de-
pends on soil and cover characteristics and increases when 
favourable conditions for interception, infiltration and surface 

FIGURE 12    |    Comparison between the experimental values of 
CN, obtained by Equations  (3) and (5), and those calculated by (a) 
Equation (10) and (b) Equation (11).
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storage before runoff formation occur. The experimentally de-
termined low value (0.0001) (Figure 5) is determined by the 
coexistence of three different factors that reduce λ. They are 
the absence of vegetation cover, the low-prone soil to infiltra-
tion, and the circumstance that the plot surface is a rough in-
clined plane without significant depressions. The selected λ 
value is much less than the long-standing value of 0.2 or that of 
0.05 (Hawkins et al. 2009; Lal et al. 2017) suggested in recent 
literature, but it is in line with those obtained in some cases by 
different authors (Hawkins et al. 2002; Huang et al. 2007; Lal 
et al. 2015) by calibrating the CN method at plot scale.

4.3   |   CN Variability and Best Combination 
of Rainfall Range, Applied Dataset and Calibration 
Approach to Estimate CN

For both calibration approaches, the analysis of Figure 6 demon-
strates that the calibrated CNs for rainfall events with total pre-
cipitation depth higher than the median were generally slightly 
smaller than those calibrated on the entire dataset. The RSE 

values corresponding to the former case were substantially like 
those obtained for the latter case except for the C3-MV and C9-
MV combinations (Figure  6e). The calibrated CNs for rainfall 
events with total precipitation depth less than the median were 
generally higher than those calibrated on the entire dataset and 
gave improved model performances (smaller RSE), especially 
for the MV approach. In other words, the threshold of the me-
dian rainfall was only effective with reference to low and mod-
erate rainfalls.

The comparable sample size between AD and ID explains the 
agreement in terms of CN range and quality of runoff estimates, 
while the higher CN values for RD capture the increased capa-
bility for runoff conveyance and accumulation when rill chan-
nels incise plots (Figure  6). Typically, the generation of a rill 
network promotes efficient runoff transport from hillslopes as 
rill channels concentrate runoff, thus increasing flow velocity 
and reducing the probability of water infiltration.

Results showed that the median value and the least-squares cal-
ibration approaches were indifferently applicable for most of the 

FIGURE 13    |    Comparison between the measured soil losses, Ae measured, and those calculated by Equation (1) and (a) the CN method for the 
lower rainfall range, (c) the CN method for the upper rainfall range, (b) the measured runoff coefficient for the lower rainfall range, (d) the measured 
runoff coefficient for the upper rainfall range.

 10991085, 2025, 7, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/hyp.70205 by M

aria A
ngela Serio - U

niversity D
egli Studi D

i , W
iley O

nline L
ibrary on [11/07/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



14 of 18 Hydrological Processes, 2025

addressed cases, for which they provided similar CN and RSE 
values. However, in accordance with Moglen et al.  (2022), the 
LS approach was preferable since it yielded smaller RSE values 
than the MV ones.

The advantage of using the CN method to model, even though 
in an approximately satisfactory manner (Figures  9 and 10), 
plot runoff at the Sparacia area is limited to the events with 
rill formation, which are usually characterised by a relevant 
climatic forcing (Figure  2) and more runoff compared to in-
terrill events. Although they are not dominant in the current 
database, it is widely recognised and even observed at Sparacia 
that a great amount of yearly or long-term soil loss is due to a 
few relevant erosion events (e.g., González-Hidalgo et al. 2007; 
Bagarello et al. 2017), in which rill formation is likely to occur. 
Therefore, modelling runoff for predicting soil loss by USLE-M, 
USLE-MM, and USLE-MB is particularly important for these 
events, and the CN method appears to be suitable. The max-
imum NSEI value of 0.59, obtained for C6-MV and C6-LS, is 
higher than the values (0.25–0.51) obtained by Fu et al. (2011) 
in two experimental stations. In addition, the results of these 
authors indicated a decreasing number of acceptable predic-
tions under different ranges of rainfall depth, that is in the pas-
sage from P ≤ 25 mm to 25 < P ≤ 50 mm and 50 < P ≤ 100 mm. 
This finding qualitatively agrees with that detected here con-
cerning better runoff estimations under P less than the median 
value (41.6 mm) compared to P > 41.6 mm. The NSEI is also 
slightly higher than that obtained by Lal et al. (2015) with an 
optimised Sharpley and Williams's (1990) equation. It is worth 
noting that they also obtained NSEI values of 0.702 to 0.796 for 
runoff estimations by regression models of CN vs. 1-day an-
tecedent soil moisture and 5-day antecedent rainfall, respec-
tively, but the reported performance statistics are limited to 3 
plots out of 24. For the data from the pasture and alfalfa plots 
by Huang et al. (2006) in the steep slopes of Loess Plateau, the 
highest value of model efficiency was equal to 0.826 and was 

obtained with a slope-adjusted and calibrated CN function. 
Huang et  al.  (2007) reported a model efficiency of 0.779 by 
using λ = 0.001 and a non-linear equation between CN and the 
soil moisture in the 0–15 cm layer.

4.4   |   Effects of Plot Length, Steepness and Soil 
Moisture on CN

The inverse relation of CN with plot length (Figures 7a and 8a) 
is somewhat consistent with previous results concerning scale 
effects on plot runoff at Sparacia. Bagarello and Ferro (2017) ap-
plied common regression analysis techniques to fit specific Q − l 
power relationships to the data recorded at event scale. Even 
though the scaling effect was predominantly missing, when it 
was detected, runoff always decreased in longer plots. This scale 
effect can be explained by run-on processes that enhance infil-
tration with runoff travel distances but diminish to even become 
insignificant as rainfall intensity increases (Chen et  al.  2016). 
According to Kidron (2011), contributing areas to runoff in arid 
zones can mainly be confined to a narrow belt at the bottom 
of the slope, and scale effects are an inherent outcome of rain 
properties due to the intermittent character of rain spells. In this 
perspective, a lower runoff depth is obtained on longer plots be-
cause the total runoff volume is averaged across the entire plot 
area even though it includes a non-contributing and a contribut-
ing part. The latter part is nearly constant between different plot 
lengths while the former has an increasing weight in the runoff 
calculation for longer plots.

The prevailing direct relationship of CN against plot steep-
ness (Figures  7b and 8b) agrees with the findings by Huang 
et al. (2006) and Lal et al. (2015). In other words, the present and 
literature investigations resulted in runoff depths increasing 
with plot steepness. An increased runoff depth for steeper slopes 
can be explained by the reduction of the initial abstraction and, 
in addition, the infiltration due to the decreased travel time of 
the runoff on the plot (Huang et al. 2006; Lal et al. 2015).

As expected, CN values increased as soil moisture before the 
rainfall event increased (Figure  11). This implies that the po-
tential maximum retention S decreased for wetter conditions, 
which is consistent with the result obtained at a small basin 
scale (3.7 ha) in the Sparacia station, with both satellite and 
in  situ soil moisture measurements (Pampalone et  al.  2012). 
Specifically, the rainfall-runoff data were collected at the basin 
outlet which is located close to the 22% sloping plots, and the 
gravimetric soil moisture data were a portion of those used here, 
that is, related to the period 2004–2009 and to the top 0.05 m of 
soil and the 0.05–0.10 m layer. In accordance with other studies 
(Brocca, Melone, Moramarco, Morbidelli 2009; Brocca, Melone, 
Moramarco, Singh 2009; Tramblay et al. 2010) and the physical 
reason for which S is the initial soil moisture deficit that must 
be filled to initiate runoff, S decreased as θ increased. The plot 
investigations by Lal et al. (2015) and Huang et al. (2007) also 
pointed out the dependence of CN on θ, which was quantita-
tively expressed by site-specific relationships. The results from 
basin and plot spatial scales confirm the important role of soil 
moisture for floods, especially for Mediterranean basins (e.g., 
Brocca et  al.  2008), and runoff from the related source areas, 
that is, hillslopes.

FIGURE 14    |    Comparison between the soil loss values, Ae, calcu-
lated by Equation (1) with the measured runoff coefficient QR and by 
Equation (1) with QR estimated through the CN method, under two dif-
ferent rainfall ranges.
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Neither soil moisture nor soil moisture and event rainfall 
depth together are effective variables in predicting CN, as only 
19% of CN variation for fixed plot length and steepness was ex-
plained by these two variables (Equation 10). The further data 
restriction to a specific erosion component, that is the interrill 
one, has more than doubled the explained CN variance (41%) 
(Equation  11) that, however, remains low. Therefore, other 
factors, besides l, s, θ and P must affect the rainfall-runoff 
process at plot scale. Possible sources of variability of plot hy-
drological response are the extent of the time between tillage 
operations and event (Wendt et al. 1986), and rainfall intensity 
and duration (Hawkins 1982). Finally, the so-called natural 
variability (Nearing et al. 1999) produces a within-event un-
explained variance of soil loss and runoff measurements in 
identical plots subjected to the same rainfall. It is an inherent 
source of runoff variability that tends to decrease as the mean 
measured value increases, as also demonstrated by Bagarello 
and Ferro  (2010) using data from the 8 m × 22 m plots estab-
lished at Sparacia.

4.5   |   Accuracy of Soil Loss Estimation by 
USLE-MB Model With Simulated Runoff

The performance of the USLE-MB model (Equation 1) with the 
calculated runoff coefficient slightly worsens compared to that 
with the measured one (Figure 13). The worsening is expected 
due to the inherent limits of the CN method and, not least, the 
inability to account for the natural variability of runoff mea-
surements that, instead, is considered when the measured QR 
is used.

This result is indicated by the increased values of the relative 
standard error in soil loss prediction for the lower and upper 
rainfall ranges. However, for the lower rainfall range, the use of 
both the measured and calculated runoff coefficient results in 
an unsatisfactory performance as USLE-MB works as the mea-
sured mean soil loss. Conversely, for the upper rainfall range, 
the performance of the USLE-MB with the calculated runoff 
coefficient is fairly satisfactory. The comparison between soil 
loss estimations reported in Figure 14 shows that data are dis-
tributed around the line of perfect agreement, thus indicating a 
moderate effect on the USLE-MB prediction by using a runoff 
coefficient calculated by the CN method instead of the measured 
one. The visual inspection of the scatterplots in Figure  13 re-
veals a tendency to underestimate the extremely high soil losses 
(> 100 t ha−1). The absolute error for these data is, however, ac-
ceptable as it ranges from 22% to 43% for the USLE-MB with the 
measured runoff coefficient and from 18% to 53% for the model 
applied with the calculated runoff coefficient.

For just over a decade, efforts have been made to incorporate 
reliable and parsimonious methods for the runoff estimation in 
the USLE-based models at the plot scale. Gao et al. (2012) cou-
pled a modified SCS-CN and RUSLE model for runoff and soil 
loss estimations from woodland and grassland plots in the Loess 
Plateau. The performance of the modified RUSLE model with 
the simulated runoff coefficient slightly worsened compared to 
that with the measured runoff coefficient, but NSEI remained 
over 0.7, which is higher than the NSEI value (0.54) obtained 
here for the experimental range (41.6 < P ≤ 145.8 mm) where the 

combination of USLE-MB and SCS-CN provides satisfactory soil 
loss predictions. Using data collected from the bare plots of the 
Masse station (central Italy), Todisco et al. (2015) observed that 
the accuracy in estimating the event soil loss of the USLE-MM 
model with the simulated runoff coefficient was slightly higher 
than that obtained with a model that uses the satellite soil mois-
ture in the erosivity index and slightly lower than that obtained 
with the same model and a modelled soil moisture. Therefore, 
it was underlined that the antecedent soil moisture is a good al-
ternative compared to runoff for correcting the rainfall–runoff 
erosivity index in the USLE-MM model. Shi et  al.  (2018) pro-
posed a storm-based model, named CSLE, which incorporates 
a modified SCS-CN. CSLE is a USLE-based model specifically 
developed for the Loess Plateau. Using runoff and soil loss data 
from three plots with vegetation cover, the authors obtained a 
NSEI value of 0.61 for the CLSE with calculated runoff, which 
is slightly lower than NSEI = 0.65 noted for the CLSE with mea-
sured runoff, and close to NSEI = 0.54 obtained in this investi-
gation. They stated that CSLE combined with the SCS-CN can 
accurately predict soil loss that is normally caused by interrill 
and rill erosion in the Loess Plateau. Todisco et al. (2022) cou-
pled the USLE-MM and a runoff coefficient estimated by equa-
tions based on the integrated use of satellite soil moisture data 
and event rainfall depth. In particular, using runoff data from 
the bare plots of the Masse station and surface soil moisture 
data derived from Copernicus Sentinel-1, they calibrated two 
regression equations, distinguished by season, of Q against the 
Antecedent Degree of Saturation Index (ADSI) plus rainfall 
depth P. They observed a moderate effect on soil loss prediction 
by using a runoff coefficient calculated by satellite and rainfall 
data instead of the measured one. The USLE-MM with the esti-
mated QR gave a root mean square error of 0.57 t ha−1, which is 
slightly higher than the value of 0.46 t ha−1 obtained with mea-
sured QR.

Finally, the different studies suggest that incorporating a sim-
ulated runoff coefficient in USLE-based models is viable for 
predicting event soil loss at the plot scale and can enhance the 
practical interest for these runoff-driven models.

5   |   Conclusions

This investigation aimed to calibrate the CN method using 
rainfall-runoff data observed at the Sparacia experimental sta-
tion over the last two decades and to investigate the possibility 
of coupling the simulated runoff and USLE-MB for soil loss esti-
mation. First, the analysis allowed for setting λ to 0.0001 for the 
study area, which reflects other findings from the literature in 
which the CN method is applied at the plot scale.

The results inherent to runoff simulation indicated that (i) high-
est and best reproduced CN values resulted from rill data, (ii) 
the least squares and median value calibration approaches per-
formed similarly and (iii) the best model fit was systematically 
produced for rainfall depths less than the median value over 
the entire monitoring period. Considering the relative standard 
error, the CN method was suitable only for rill data associated 
with both rainfall depth under and over the median. However, 
even in these cases, it performed in an only approximately sat-
isfactory manner.
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In accordance with plot literature studies, CN generally in-
creased with plot steepness. Results also showed the need to 
take the effect of plot length into account, contrary to the origi-
nal CN model, as CN decreased for increasing values of the plot 
length. Among the other variables affecting runoff, soil mois-
ture was found to be related to CN but, both individually and 
coupled with event rainfall depth, it cannot explain the detected 
CN variability for a given plot type. Therefore, additional fac-
tors, including tillage operations, rainfall characteristics, and 
runoff natural variability, could affect the rainfall-runoff trans-
formation process at the plot scale.

Considering that the inclusion of the measured runoff term in 
the erosivity factor of the modified versions of the USLE signifi-
cantly improved soil loss predictions as compared to the USLE, 
it was then tested if incorporating the modelled runoff in the 
USLE-MB, which is essential for predictive purposes, allows 
for maintaining a good model reliability. The test was limited 
to the events with rill formation as the CN method was suitable 
in reproducing runoff only for this type of event. The USLE-MB 
with the calculated runoff coefficient provided satisfactory soil 
loss predictions although limited to the events characterised by 
rainfall depths over the median value of the experimental series.

The main limitation of the present investigation is the use of a 
single land use (cultivated fallow). On the other hand, this con-
dition is common in some periods of the year in the hills of west-
ern Sicily planted with wheat.

Future research will be oriented to investigate the applicability 
of the CN method on vegetated plots of the study area and in 
other Italian experimental stations for erosion measurements. 
Finally, further efforts will be directed to test alternative simple 
methods for plot runoff estimation and their coupled use with 
USLE- type models.
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