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Abstract: Soil erosion is a complex and highly heterogeneous process with a wide range of environmental and economic
impacts. Its estimation is particularly challenging and modelling is typically used for erosion estimation over large areas.
The aim of this study was to compare the two leading empirical and physical erosion estimation models, i.e. the Revised
Universal Soil Loss Equation (RUSLE) and the Water Erosion Prediction Project (WEPP). The models were calibrated
and validated using data collected from field experiments conducted in agricultural lands of Mexico. The simulated rainfall
experiments involved measuring erosion from field plots subjected to four tillage systems (No crop, Conventional tillage,
Conventional tillage + residues, and Handspike) under two antecedent soil moisture conditions (dry and wet). Different
calibration approaches based on the factors K and C for RUSLE, and interrill erodibility and hydraulic conductivity in
WEPP were tested. The best-performing methods in RUSLE involved measuring the K factor and adopting the
recommended C factor by the National Forestry Commission of Mexico. In WEPP, the best results were obtained when
interrill erodibility was estimated from experimental measurements. Overall, RUSLE outperformed WEPP in most of the
treatments except for CT under WAMC.

Keywords: RUSLE; WEPP; Tillage systems; Rainfall simulation.

INTRODUCTION

Soil erosion by water occurs when raindrops cause
detachment of soil particles, which are then transported by runoff
and eventually deposited elsewhere in the landscape. While soil
erosion is a natural process, it can be exacerbated by human
activities such as agriculture, construction, and mining. The
impacts of soil erosion can be both negative and positive. Areas
with long-term soil accumulation are typically the most fertile
lands while the eroded zones have lower fertility and capacity for
supporting life. Globally, water erosion leads to an estimated
annual soil loss of 20-30 Gt. Erosion rates vary depending on
factors such as land use and climate, ranging from 10-20 t ha™
yr! in hilly croplands under conventional agriculture and
temperate climate to 50—100 t ha™ yr™! in tropical and subtropical
regions (FAO and ITPS, 2015). Soil erosion also has significant
economic consequences, with an estimated cost of $44 billion
per year in the United States (Pimentel et al., 1995), and a 0.43%
annual loss of crop productivity in severely eroded agricultural
lands in the European Union, amounting to EUR 1.25 billion
(Panagos et al., 2018). Erosion is significant in agricultural lands
located in semi-arid regions, where intense rainstorms and low
soil organic matter exacerbate the erosive effects.

Given the economic importance of soil erosion, accurate
prediction over large areas based on precipitation data is
essential. Selecting the right model for a given soil erosion
process is critical as uncertainties are typically large in erosion
modelling. For instance, the Universal Soil Loss Equation
(USLE) and its variants are the most used erosion models but
have limitations (Roose, 1996). USLE is based on experimental
relations that can hide the effects of key variables which limit
their replicability, also has temporal limitations because it is
designed for long-term erosion and may not be effective in
predicting short-term erosion. USLE-type models provide broad
estimations that are often sufficient for determining the best

practices in land use management. Many models have been
developed since 1940 and can be classified as empirical, physical
and conceptual. The Revised Universal Soil Loss Equation
(RUSLE) is the most applied soil erosion model worldwide due
to its flexibility and accessibility. It calculates long-term average
annual soil erosion by considering factors such as rainfall-runoff
erosivity, soil erodibility, slope length, slope steepness, land
cover and management, and soil conservation practices (Alewell
et al., 2019; Renard et al., 1991;Wischmeier and Smith, 1978).
Empirical USLE-type models rely on statistical relationships
derived from field observations.

Alternative to empirical models are the conceptual and
physical models. Physical models aim to describe the underlying
processes and interactions, while conceptual models take an
intermediate approach, combining empirical and physical
elements (Patil, 2018; Zingg, 1940). Since 1940, numerous
physical and conceptual models have been developed, based on
the continuity equation for both runoff and erosion prediction.
Although sharing the same root, they present variations in
approaches and methods showing similarities and differences.

Examples of physical models include the Areal Nonpoint
Source  Watershed Environment Response Simulation
(ANSWERS) (Beasley et al., 1980), the Cellular Automaton
Evolutionary Slope and River Model (CAESAR) (Coulthard et
al., 2002), and CASC2D. Conceptual models encompass SWAT
(Arnold et al., 1998) and WATEM/SEDEM (Notebaert et al.,
2006), the latter being a combination of the Water and Tillage
Erosion Model (WATEM), which estimates erosion using the
Revised Universal Soil Loss Equation (RUSLE), and the
Sediment Delivery model (SEDEM). Additionally, empirical
models like EGEM (Woodward, 1999) and EPIC, which
employs the Universal Soil Loss Equation (USLE) and Modified
Universal Soil Loss Equation (MUSLE) to predict soil erosion
(Williams, 1990), offer alternative approaches to erosion
modelling.
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Worldwide, the most employed soil erosion and sediment
yield models in descending order of importance are RUSLE,
USLE, WEPP, SWAT, and WATEM/SEDEM, they are all based
on USLE-type equations with the exception of WEPP (Borrelli
etal., 2021). WEPP was developed as a replacement of empirical
models. It takes a physical-based approach and offers a more
detailed understanding of erosion processes (Flanagan et al.,
2007). WEPP considers various processes at both hillslope and
watershed scale, offering a comprehensive perspective on
erosion dynamics (Flanagan et al., 1995).

For calibrating USLE-types models, experiments are often
conducted, mainly focused on changes of Factor C (soil surface
condition) and Factor K (soil erodibility). For instance, Prado-
Hernandez et al. (2017) calibrated MUSLE based on Factor K,
replacing the default method and suggestions from FAO (Food
and Agriculture Organization) with their own estimations
obtained from regressions with the least squares method. In the
case of calibrating WEPP in single storm mode, it is
recommended for soil losses prediction, doing adjustments in
erodibility parameters, including interrill erodibility, rill
erodibility and critical shear stress (Flanagan and Frankenberger,
2012). In a study by Wang et al. (2023), the WEPP was calibrated
modifying the range of values for hydraulic conductivity
according to Risse et al. (1994) and subsequently adjusting shear
stress, rill erodibility and interrill erodibility, like the ranges of
Nearing et al. (1990). Searching for the perfect method for
calibrating environmental models is impractical due to
uncertainties in inputs, outputs and the model structure itself.
Nevertheless, to obtain reliable results, a robust calibration setup
proves valuable, especially in cases where certain parameters are
challenging to measure. Therefore, a carefully design in
calibration process is essential (Mai, 2023).

The objective of this paper is to compare the performance of
RUSLE and WEPP, two widely used empirical and physical
models, studying different calibration approaches in simulating
erosion at a small scale. The experiment was conducted in
Mexico, a country where 76% of the total area is affected by soil
erosion by water.

MATERIAL AND METHODS
Experimental setup

The experiment was conducted in the locality of Santo
Domingo, Durango, México, at the coordinates 25° 49'41.94" N
and 104° 26' 18.97" W, with an altitude of 1750 m.a.s.l. The
climate is arid with an average annual temperature ranging from
14 to 22 °C. The annual rainfall typically falls between 200 and

400 mm. The soil in this area is classified as Leptosol, with sandy
clay loam texture and soil organic matter of 2.31%.

Rainfall simulation and sediment sampling

To perform the simulated rainfall, we developed a rainfall
simulator based on the apparatus of Miller (1987). The setup
consisted of a water supply tank, a pump, a Programmable Logic
Controller, three 360° nozzles, solenoid valves, manometers and
hoses. To power the simulator, we used a portable generator of
5500 watts (Figure 1).

The rainfall simulations were conducted from November 11
and 16, 2015. The soil moisture levels during these simulations
ranged from 16 to 19% for DAMC and 23 to 25% for WAMC
(Table 5). Each simulation lasted 45 minutes. We measured the
rainfall intensity every minute using a standard pluviometer
placed randomly at each plot. Every 5 minutes, we collected a
1-liter sample from 19-liter containers after mixing the runoff
collected. These samples were later filtered, oven-dried at
105 °C, and weighed for further analysis.

Treatments

We set experiments under different treatments: 1. No crop
(NC), without movement of soil and vegetation; 2. Conventional
tillage (CT), with moldboard plough following by harrowing,
furrowing and corn sowing; 3. Conventional tillage + residues
(CTR) that was the same as CT but with crop residues on soil
surface; and 4. Handspike (HS), without movement of soil and
the corn sowing was using a wooden stick (Figure 2). The density
of plants in CT and CTR was 68000 per hectare. Each treatment
was replicated four times, and the experiments were conducted
under both dry and wet antecedent soil moisture conditions
(DAMC and WAMC). The erosion plots were delimitated with
smooth galvanized sheets measuring 1 x 3 m. To facilitate the
collection of surface runoff, a structure was installed at the lower
part of each plot. The slope of the plots was 2.8%. In total, there
were 16 plots under DAMC and 14 plots under WAMC because
of missing data.

RUSLE parameterization
The main equation of RUSLE is the next:
A=R+«K=«LS*CxP (1)

where 4 is the annual average soil erosion (Mg ha™! year!); R
is the rainfall-runoff erosivity factor (mm h™! ha™! year!); K is
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Fig. 1. Rainfall simulator.
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Fig. 2. Distribution of scenarios on the experiment and dimensions of the rainfall simulation plot.

the soil erodibility factor (Mg h™ MJ! mm™); L is the slope
length factor (dimensionless); S is the slope steepness factor
(dimensionless); C is the land cover and management factor
(dimensionless), and P is the soil conservation or prevention
practices factor (dimensionless). All the factors were considered in
this study, with exception of P factor, which value was equal to 1.

Calculation of R-factor

Renard et al. (1997) recommended calculating the R factor
with Equation (2).

2L, (Els);
N

R= 2

where R is the rainfall erosivity (M.J. mm ™' ha! h™! year™); N is
the number of years of observations; £ is the kinetic energy (M.J.
ha™), and 3 is the maximum intensity in 30 minutes for storm 7;
j is the number of storms in N years. The suggested value of
kinetic energy by Renard et al., (1997) is 0.283 MJ ha™! mm™! for
rainfall intensities greater than 76 mm h™!, the mean measured
rainfall intensity was 152 mm h™'. The maximum measured
rainfall intensity was assumed as the I3y, which was 352 mm h'.
In this research, the resulted R factor was 99.61 MJ mm™
ha'h™

Calculation of K-factor

We calculated K factor based on a nonlinear relationship
(Eq. 3) developed by Wang et al. (2016).

2
K = 0.0667 — 0.0013 [1n (ﬂ) - 5.6706] -
Dg
0.015 exp [-28.9589((log D g) + 1.827)’] 3)
Dg = exp(0.01 =, f; Inm;) O]

where Dg is the geometric mean diameter (mm); fi is the weight
of the particle size fraction, m; is the arithmetic mean of the
particle size (mm), and # is the number of particle size fractions;
SOM is the soil organic matter in %. The calculated K factor in

the current study was 0.059 t ha™! h™'/ha MJ™! mm™! for all the
scenarios because the equation considered SOM and Dg that
were the same throughout the experiment.

Calculation of LS-factor

We used the Equations (5) to (9) for calculating the LS factor.

L= (%)m 5)

where 22.1 is the RUSLE unit plot length (m); m is a variable
slope-length exponent, 4 is the horizontal projection of the plot
length, which was 3 meters in this case.

The values of "m" exponent were 0.172 for conventional till-
age and 0.454 for no till scenarios. These were obtained from the
Table 2 of a research of McCool et al. (1989).

To calculate the slope steepness factor (S) we used the Equa-
tions (6) and (7), for conventional tillage and no tillage scenarios,
respectively (McCool et al., 1997).

S§ =10.8 sinf + 0.03 s<9% (6)

S=168sin6—050 s>9% 7

Calculation of C-factor

The C factor was obtained using the Eq. (8), we considered
the conditions did not change rapidly, so EI was not in the
calculation. The most subfactors of C are listed in Table 1.

SLR=PLU-CC-SC-SR-SM ®)

PLU is the prior land use, CC is the canopy cover, SC is the
surface cover, SR is the surface roughness, and SM is the soil
moisture.

The PLU includes the subsurface residual and tillage practices
effects from the previous crop.

Cys * B,
PLU = C; - C, - exp [(—cu, “By,) + <%>] )
f
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where PLU ranges from 0 to 1, Cyis a soil consolidation factor
(dimensionless), C; is the effectiveness of subsurface residue in
consolidation, B, is the mass density of roots (kg ha™! cm™), B,
is the mass density of incorporated residues (kg ha™! cm™), ¢,ris
the impact of soil consolidation, C,. @cres per in Ib™') and C,
a@cres per in 1b™) are calibration coefficients. The prior land use
(PLU) and the b value of surface cover subfactor (SC) were the
same for all treatments, 0.45 and 0.030, respectively. The C,was
0.45 because is the default value for undisturbed soil, the B, By,
Bus, Co, Cur, Cus, Cur Were not considered in the equation.
The canopy cover effect is represented by Equation (10):

(10)

where F. is the fraction of area covered by the canopy, and H is
the distance that drops have to travel on the plant to reach the soil.

The % of canopy cover was estimated based on Equation (10)
but with modifications proposed by Roloff and Bertol (1998).
The relationship is presented in Equation (11):

CC=1—F -exp(—0.1-H)

Fe, = (1—e ®8m)§ 11
where F¢y is the soil fraction covered by canopy, Bmd is the
above-ground biomass in kg ha!, § and ¢ are parameters
according to a specific crop, in corn,  is 0.67 and g is 1.5 x 107>,

The surface cover subfactor SC accounts for everything on
soil, such as crop residue, rocks, etc. The effect of SC'is given by
Eq. (12) (Yoder et al., 1997).

0.24 0.08
sc=anl-a-5, (24"
u

(12)
where b is a coefficient of the effectiveness of surface cover. This
varies from 0.030 to 0.070 in row crops; S, is the percentage of
covered area, R, is the surface roughness.

The higher the b, the more significant the rill erosion. Large
b corresponds to steep and/or long slopes. In contrast, the b value
decreases if interrill erosion is more significant than rill erosion,
common in flat and/or short slopes. b is also influenced by soil
texture and soil cover.

The area covered by residue was obtained with Eq. (13).

S, =[1—exp(—a-B,)]-100 (13)
where a is the ratio of covered area and the mass of the residue,
B; is the dry weight of residue.

The surface roughness was calculated using the Eq. (14)
(Yoder et al., 1997).

SR = exp[—0.66(R, — 0.24)] (14)
where R, is the roughness before the tillage operation.

The soil moisture subfactor (SM) was obtained applying
Equation (15), considering the soil moisture, field capacity, and
wilting point calculated with Eq. (16) and Eq. (17).

The soil moisture is near to 1.0 if the water content is close to
field capacity. In contrast, a value of 0 indicates that soil mois-
ture is near to the wilting point. Lianes Revilla (2008) proposed
the following equation for SM:

M—-WP

SM = re—wp

(15)

where M is the soil moisture (dimensionless); WP is the moisture
in/of wilting point (%), and FC is the field capacity (%).

There are several approximations to obtain field capacity and
wilting point considering the particle sizes of soil, as the equa-
tions proposed by Smith (1917) for field capacity (Eq. 16) and
Silva et al. (1988) for wilting point (Eq. 17). Both were used in
the present research.

FC =0.1(% sands) + 0.15(% silt) + 0.61(% clay) (16)
WP=FCx0.74 -5 amn
WEPP parameterization

There are three modules of parameters in WEPP: weather,
management and soil. The next paragraphs describe how we
parameterized them.

Table 1. Subfactors used to calculate C factor in RUSLE for all the scenarios.

Scenario R? Rb" ((s/tc) A(fnl-)ld Ru¢ (cm) g,/(o:; VRCE (%) :rl\;h SM wet
1 1.68 1.66 0.00 0.20 0.92
2 nd 0.25 0.81
Nocrop 3 nd 0.30 0.90
4 1.93 0.45 0.90
1 48.88 3.32 0.26 1.27 23.33 0.31 0.98
Conventional tillage + residues 2 4d.61 3.04 0-20 1.50 29.17 0-20 089
3 111.14 7.31 0.48 1.45 1.66 35.00 0.40 0.89
4 15.35 1.06 0.18 1.50 29.17 0.39 0.90
1 97.09 6.43 0.34 1.12 3.33 0.20 0.92
Conventional tillage 2 55.93 3.79 0.32 1.70 0.28 0.90
3 19.75 1.36 0.18 1.91 0.44 0.90
4 33.68 2.31 0.29 1.09 0.44 0.90
1 64.42 434 0.23 1.78 0.20 0.86
. 2 38.67 2.64 0.25 1.85 0.28 0.94
Handspike
3 9.23 0.64 0.20 2.36 0.20 0.90
4 28.54 1.96 0.26 1.42 0.47 0.90

a Replication. ® Root biomass. ¢ Canopy cover. ¢ Average fall height. © Roughness; f Rock cover; & Vegetative residue cover. " Soil moisture
subfactor under DAMC. ! Soil moisture subfactor under WAMC.J No data.
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In the single storm mode, the data for the weather module
were 114.28 mm of storm amount, 0.75 of duration, 182.14 mm
h™! of maximum intensity, which was the maximum value regis-
tered of the mean, and 51 of duration to peak intensity.

Regarding the management parameterization, some parame-
ters were measured, and others calculated from equations found
in literature, some were not applicable, and they were left blank
or with zero. WEPP has two groups of parameters in the man-
agement section, these are initial conditions and plant databases.
The initial conditions are listed in Table 2, the canopy cover was
estimated with the Equation (11). The rill and interrill cover,
ridge height and roughness were measured with a pin meter. The
plant database is organized in plant growth and harvest, temper-
ature and radiation, canopy, LAI (Leaf Area Index) and root, se-
nescence, residue, and other. The biomass energy ratio and the
parameter value for canopy height equation was obtained from
the WEPP manual, as well as the base daily air temperature, op-
timal temperature for plant growth, radiation extinction coeffi-
cient which were 10, 25 and 0.65°C, respectively (Arnold et al.,
1995; Flanagan and Livingston, 1995). The maximum canopy
height was measured at field. The parameter of flat residue cover
was based on investigations of Gregory (1982), he studied dif-
ferent types of residues, for corn he obtained 0.0004 ha kg . This
applied just for the treatment CTR. To obtain the growing degree
days to emergence on October 1, 2015, we used the recorded
temperature from a weather station located in the site of study
applying the Equation (18) (Abendroth et al., 2011):
Tmax + Tmin) —10 (18)

GDU=< 2

where GDU is the growing degree units, 7 is the maximum
temperature, in this case was 29.2 °C, T, is the minimum tem-
perature, it was 8.6 °C. The number 10 is the base temperature
of corn. To estimate the growing degree days for the growing
season, the same equation was applied but adding all the days of
the crop cycle.

The percent of growing season when LAI starts to decline was
50%, the period over which senescence occurs was fixed to 105
days, just through observing LAI and phenology of a four-month
corn crop (Boedhram et al., 2001; Sacks and Kucharik, 2011).

In the soil module, the values for Cation Exchange Capacity
(CECQ), albedo, effective hydraulic conductivity, organic matter,
sand and clay were 18, 0.23, 0.84 mm h'!, 2.31%, 47%, 27%,
respectively. The equation to determine the soil albedo (Eq. 19)
was proposed by Baumer (1990).

0.6
SALB = - (19)

0.4-0M

where OM is the percentage of soil organic matter.

To estimate the effective hydraulic conductivity, the default
method was applied (Eq. 20) for all the scenarios (Alberts et al.,
1995). It was 9.84 mm h''.

K. = —0.265 + 0.0086(sand)*® + 11.46CEC~°75 (20)

Other parameters like rock cover, and initial saturation level
varied for each scenario. The coverage of soil by rocks was
measured with a pin meter, and the initial saturation level with
the oven drying method (Reynolds, 1970).

Table 2. Parameters of initial conditions and plant database in management module of WEPP.

Scenario

NC* CTR® CT* HS!¢

Replication

I]omfv

I[njmwv|1ofm[v] 1 [ojm]iv

Bulk density (g cm™)

1.5

Canopy cover (%)

3 |33173[1.1/64]3.8[23|14]143[26/0.6]2

Rill cover (%)

48 [ 15 [ 11 | 21

Interrill cover (%)

36 | 15|33 ]38

Ridge height (cm)

4 143[43[57[37]47]6 | 4

Roughness (cm) 1.7

1702 [13]15|15]15]11 |17 24|15

Rill spacing (cm)

49

Rill width (cm)

60

Depth of primary tillage (cm)

15

Depth of secondary tillage (cm)

10

Biomass energy ratio (kg MJ™!)

28

Growing degree days to emergence (°C)

8.9

Growing degree days for growing season (°C)

266

In-row plant spacing (cm)

49

Stem diameter at maturity (cm)

2.7

Parameter value for canopy height equation

3

Maximum canopy height (cm)

Maximum root depth (cm)

20271491934 [33]29]19]24[25]21]26
15

Root to shoot ratio

0.2

Percent of growing season when leaf area index starts to decline

50

Period over which senescence occurs

10

Percent canopy remaining after senescence

30

Percent of biomass remaining after senescence

20

Parameter for flat residue cover equation (m? kg™!)

Ridge height value after tillage (cm)

3714716 | 4

4
4 [43]43]57

Ridge interval (cm)

Random roughness value after tillage (cm) 1.7

49
13[15]15]1s]L1]17]19]11

—_
oo

24|15

Mean tillage depth (cm)

10

Optimum yield under no stress conditions (kg m)

0.8

2 No crop. ® Conventional tillage + residues. ¢ Conventional tillage. ¢ Handspike.
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The flow and erosion parameters are enclosed in the soil
module also, we assumed as negligible the rill erodibility and
critical shear due to the dimensions of the plots, thus we set the
rill erodibility to 0.002 s m™ and the critical shear stress to
1x10”7 Pa. The interrill erodibility was set automatically to
5300000 kg s' m*, which was then adjusted by WEPP according
to canopy effects, ground cover and slope.

Evaluation of model performance

To evaluate the performance of RUSLE and WEPP, we
selected the Nash-Sutcliffe efficiency index (NSE), the
coefficient of determination (r*) and percent bias (PBIAS). The
equations are next:

2 / Zi1(0i-0)(Pi=P) \2

Jﬂ‘:l(oi—ﬁ)z S (PP)’

r

(2]

where 72 is the coefficient of determination, Oi is each of i
observations, Pi is each of i predicted data, O is the mean of
observed data, is the mean of predicted data and # is the number
of total observations.

100 — P)?

NSE =1-— e
©,(0;—0)

(22)

where NSE is the Nash-Sutcliffe efficiency index, Oi is each of i
observations, P; is each of i predicted data, O is the mean of
observed data, and # is the number of observations.

PBLAS — ( I, (Yiobs — Yisim) - <1oo>>

L (i0bs) @3
where PBIAS is the deviation of evaluated data (%), Yiobs is the
observed data, Yisim is the simulated data, and # is the total of
observations.

According to Moriasi et al. (2007) the performance of
hydrological models is satisfactory when NSE is 0.50 or greater
and PBIAS is 55% or lower for sediments.

Calibration and validation

We implemented new methods dividing the observed erosion in
two groups, one for calibration and another for validation. The
calibrated parameters were then considered in the validation phase.

RUSLE calibration

We focused just on changing the methods for calculating
factors K and C during the calibration of RUSLE, keeping the
methods of the other factors in the model unchanged. The new
methods applied included the “measurement method” for
estimating factor K and “expert suggestions” for factor C. These
additional methods were combined with the ones originally used,
resulting in four sets to calibrate RUSLE. Table 3 presents such
sets, being the first, the methods also used in uncalibrated
RUSLE. The estimated K and C factors are listed in Table 4.

The measurement method was based on the Equations (24)
and (25).

__ %
= LeSeCrPr 24)
. (a
K — r}l—l( u) (25)

where a, is the estimated soil loss for a specific EI; a; is the
measured soil loss; Ls, Sy, Cp, and Pyare the other factors of USLE
for a given plot (Foster et al., 1981).

In estimation of C factor, we considered expert suggestions
from CONAFOR (2010), who proposed the following empirical
values: 0.80 in CT, 0.15 in HS and 0.20 in CTR; they did not
include no cropping, thus we used the mean of DAMC and
WAMC obtained with the Eq. (8).

WEPP calibration

For calibrating WEPP, we changed the methods only for
estimating the parameters interrill erodibility and effective
hydraulic conductivity. We combined these new methods
resulting in three sets for calibrating WEPP (Table 3).

Table 3. Methods used to estimate the parameters in calibration and validation of RUSLE and WEPP.

0.015 exp [-28.9589((logD g) + 1.827)°]

RUSLE WEPP
Set K Factor C Factor Interrill erodibility Effective hydraulic conductivity
1 Eq. (3) of Wang et al. (2016). Default. Eq. (26) of Liebenow et al. (1990) Default.
Eq. (8) Eq. (28) of Alberts et zAilA (1995) for fallow
K = 0.0667 - 0.0013 [In (521) —5.6706]2 ~ | stR = PLU - CC-SC - SR -SM K; =12(1_05_0_DW conditions

Kep = 1.17 + 7.2(sand)

Same as Set | Expert suggestions

2 Measurement method. Eq. (27) of Ferrer Julia et al. (2004)
Eq. (25)
Same as Set 1 Same as Set 1 Ky = —4.994 + 0.56728 - sand —
_ @) 0.131 - clay — 0.0127 - org. mat
I (ED);
3 Default.
Eq. (20) of Alberts et al. (1995) just for all
conditions

Same as Set 1

Ky = —0.265 + 0.0086(sand)'® +
11.46CEC™°75

4 Same as Set 2 Expert suggestions

Same as Set 1
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Table 4. Factors used in calibration and validation of the RUSLE. R and P factors are equal in all treatments and replications. R = 99.6;

P=1.
C K
Set Treat. Rep. LS
Dry AMC Wet AMC Dry AMC Wet AMC
NC* -4 031 0.10 0.42
CTR® 1-4 0.24 0.04 0.16
1 0.06
CTe 1-4 0.24 0.10 0.28
Hs¢ 1-4 031 0.07 0.29
C 0.06 nd® 217 nd
2 0.13 0.42 0.24 0.15
NC 3 0.31 0.10 0.42 120 0.15
4 0.10 0.42 120 0.15
IE 0.03 0.14 155 0.65
T 0.06 0.18 099 028
CTR 3 0.24 0.04 0.16 127 0.47
5 4 0.04 0.16 127 0.47
1 nd nd
CT 2 0.24 0.09 0.28 023 0.07
37 023 0.07
4 023 0.07
C 0.06 nd 115 nd
2 0.09 0.29 041 032
H 031
S 37 0.07 0.29 0.78 032
4 0.07 0.29 0.78 032
1 0.18¢ nd
NC 2 0272
: 031 o5
4 0.232
3 CTR 1_4 024 020 0.06
CT 1-4 0.24 0.80
HS 1-4 031 0.15
1 0.188 | nd 0.76 nd
2 0.272 0.11 0.22
NC 3 0.31 0.23¢ 0.44 0.22
4 0.232 0.44 022
1 025 0.47
2 028 0.25
CTR : 0.24 0.20 o5 o
A 4 026 036
1 nd nd
2 0.03 0.03
CT : 0.24 0.80 e o
4 0.03 0.03
1 047 nd
2 0.24 0.62
HS - 031 0.15 01 o
4 035 0.62

aNo crop. PConventional tillage + residues. “Conventional tillage. ‘Handspike. °Replications used in calibration. 'Replications used in
validation. ®No experts suggestions available, the default method was applied. "No data.

We calculated the interrill erodibility (Table 5) with the Eq.
(26) of Liebenow et al. (1990) and the effective hydraulic con-
ductivity with the Eq. (27) (Ferrer Julia et al., 2004) for all the
scenarios and Eq. (28) just for the CTR and CT (Alberts et al.,
1995).

D;

K; = .
"I%2(1.05 - O,85exp—4sm®)

(26

where K; is the interrill erodibility in kg s™' m*, Di is the interrill
erosion rate in kg m? s, [ is the rainfall intensity in m s™', and &
is the slope angle in radians.

K; = —4.994 4+ 0.56728 - sand — 0.131 - clay — 0.0127 -
org.mat 27)

where K; is the hydraulic conductivity in mm h™!, sand, clay and
org.mat are in percentage.
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K.p = 1.17 + 7.2(sand) (28)

where K,y is the hydraulic conductivity for fallow conditions in
mmh™.

The resulted hydraulic conductivity was 18. 10 mm h™! apply-
ing the Equation (27), and 7.19 mm h™! with the Equation (28).

Table 5. Interrill erodibility and initial saturation level used in
calibration and validation of WEPP for both Dry and Wet
Antecedent Soil Moisture conditions (DAMC and WAMC).

Treatment & Interrill erodibility Int. sat.

replication (kgm*s™ (%)
NC? 1¢ 232597.91 16.19

2¢ 51803.65 16.85

3f 142200.78 17.4

4t 142200.78 19.08

CTR® 1¢ 63875.37 16.19

2¢ 72618.16 17.56

3f 68246.76 18.52

DAMC 4t 68246.76 18.48
CT® 2¢ 27088.93 17.21

3¢ 57633.29 18.99

4f 42361.11 18.98

HS¢ 1¢ 117446.29 16.19

2¢ 60327.99 17.21

3f 88887.1083 16.28

4f 88887.1083 19.38

NC 2 102210.90 23.32

3 102210.90 24.39

4 102210.90 24.36

CTR 1 121300.76 24.28

2 64445.72 25.33

3 92873.24 24.24

WAMC 4 92873.24 24.32
CT 2 26609.36 2432

3 84752.14 24.37

4 55680.75 24.36

HS 2 154591.55 24.80

3 154591.55 24.33

4 154591.55 24.35

2No crop. ® Conventional tillage + residues. ¢ Conventional tillage.
4 Handspike. *Replications used in Calibration. ‘Replications used in
validation.

RESULTS AND DISCUSSION
Performance of RUSLE

The uncalibrated RUSLE exhibited good performance in
treatments of CT and HS under DAMC and NC, CT, and HS
under WAMC, where the r? was high (more than 0.70). During
calibration, RUSLE performance improved in CT under WAMC
using method 1, and in all treatments using methods 2 and 4, as
these methods incorporated observed erosion data into their
calculations. Later, during validation, RUSLE exhibited good
performance (with PBIAS from —43.98% to 49.19%) in all
treatments using different methods. Methods 2 and 4 generally
yielded the best performances, except for CT under the two
AMC’s, where method 3 outperformed the others (see Table 6).

The good performance of uncalibrated RUSLE may be
questionable due to the calculation of 2 using 4 replications, a
small number of data points. In this context, it is prudent to
consider the other two statistics available, NSE and PBIAS. Both
NSE and PBIAS indicated poor model performance, with
negative values for NSE and PBIAS exceeding 55% in all
treatments.

The calibration of RUSLE aimed to enhance model
performance by changing parameter values for further
validation. Table 4 lists the calibrated and validated parameters,
which varied depending on the method used and treatments.

For the validated K factor, it was evident that methods 2 and
4 consistently produced K values with the best performance
across all treatments, except for method 3. Method 3 exhibited
good performance specifically in CT under both AMC'’s.
Notably, method 4 generally produced lower K values compared
to method 2, except in the case of NC under DAMC.

Regarding the influence of AMC on K values, we observed
they were generally lower under WAMC compared to DAMC.
This suggests a higher resistance to erosion when the soil is
moist, leading to lower soil erodibility. In terms of tillage
treatments, there was no clear trend observed in K values. The
influence of tillage treatment on K factor varied across different
scenarios, indicating that the impact of tillage practices on soil
erodibility may be complex and context-dependent.

For the validated C factor, Method 4 generally yielded larger
values of the C factor across all treatments, except for in CT
under both AMC's, where Method 3 produced the highest C
value recorded in the study, reaching 0.80. Additionally, in the
case of HS under wet AMC, Method 2 also resulted in a higher
C value compared to Method 4.

Additionally, the C values were generally higher under
WAMC compared to DAMC in most treatments that may
indicate a higher susceptibility to erosion when the soil is moist.
Notably, Method 2 exhibited sensitivity to AMC, with C values
being higher under WAMC compared to DAMC, which was not
observed with other methods. Also, the highest value of C factor
emerged in CT (with method 3 under both AMC’s), while the
lowest value occurred in CTR.

In other studies applying the RUSLE, researchers have
obtained wide ranges of model performances. Spaeth et al. (2003),
similar to the current study, reported negative and low values of
NSE for experiments conducted in U.S. with natural vegetation
and rainfall simulation. The best performance happened under
DAMC. The methods used to calculate K factor included the
nomograph and the NRCS, while the estimation of C involved
field measurements and values derived from the best fitting of a
relation of vegetation with root mass, production potential and soil
roughness. These results contrasted with ours as the best
performance statistics were observed under WAMC, also the
methods involved in calculation of factors were different.

Other study conducted by Biddoccu et al. (2020) in vineyards
of Europe showed negative values of NSE as low as —33.69,
similar to the present research, but the authors obtained positive
values as high as 0.84. These investigators also achieved an r?
from 0.14 to 0.83, a statistic that we could not calculate in
validation here due to few replications. Their best results were
obtained under CT, where the K factor (0.025 to 0.064 t
ha' h''/ha MJ! mm™) was calculated using a nomograph
constant based on a model proposed by Borselli et al. (2012), and
C factor (0.13 to 0.54) applying default equation.

In a watershed study in India, Das et al. (2021) simulated
erosion using RUSLE, achieving an NSE of 0.73. The watershed
comprised 26.4% agriculture lands and scrubland, with slopes
ranging from 0 to 8% and sandy clay loam soil texture in those
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Table 6. Statistics of performance for uncalibrated, calibrated and validated RUSLE for both Dry and Wet Antecedent Soil Moisture

conditions (DAMC and WAMC).

. Calibration Validation
Uncalibrated 1 | 2 | 3 | 4 1 | 2 | 3 | 4
Dry AMC
No crop
NSE -2.97 -2.23 1 —-1.86 1 —5.51 -1.26 —4.44 -0.35
PBIAS 91.33 93.25 0 84.19 0 92.91 —44.39 83.40 -23.26
12 0.49 na?® na na na na na na na
Conventional tillage + residues
NSE -16.86 -219.86 1 —146.8 1 —11.69 -2.59 —6.53 —1.65
PBIAS 93.62 95.06 0 77.61 0 93.32 —43.98 69.75 -35.08
r? 0.03 na na na 1 na na na na
Conventional tillage
NSE —2.26 na na na na —7.46 —4.17 —0.78 —4.17
PBIAS 85.17 74.55 0 —125.66 0 92.08 68.85 29.70 68.85
r? 0.93 na na na na na na na na
Handspike
NSE -2.56 -8.24 1 -6.73 1 -2.92 -0.33 -2.60 —0.46
PBIAS 92.11 91.73 0 83.32 0 94.87 31.74 89.59 37.59
r? 0.74 na na na 1 na na na na
Wet AMC
No crop
NSE —1.25 na na na na —1.32 —0.50 —1.65 —0.69
PBIAS 77.35 59.82 0 73.62 0 79.58 49.19 88.84 57.71
r? 0.99 na na na na na na na na
Conventional tillage + residues
NSE -16.73 -8.13 1 —7.45 1 -161.76 —-0.30 —150.81 —1.23
PBIAS 88.76 86.82 83.54 87.83 3.78 84.80 7.65
12 0.23 na na na 1 na na na na
Conventional tillage
NSE -2.07 na na na na —41.77 -36.46 -9.28 -36.46
PBIAS 68.57 18.41 0 —129.73 0 77.45 72.37 36.52 72.37
r? 0.79 na na na na na na na na
Handspike
NSE —3.52 na na na na —3.24 —0.31 —3.75 —0.31
PBIAS 85.44 81.49 0 90.41 0 86.45 26.78 92.98 26.78
r? 0.79 na na na na na na na na
2 Not applicable.
areas. The mean K factor was 0.18 t ha! h™'/ha MI"' mm™',  Performance of WEPP

derived from a modification of the nomograph method. The C
factor ranged between 0.50 and 1, calculating it with the NDVI
as suggested by van der Knijff et al. (2000). Comparing our re-
sults, the closest K factor value to theirs was 0.15, occurring in
NC under WAMC, calculated with the measurement method
(PBIAS = 49.19%). Similarly, our closest C factor values to
theirs were 0.42 and 0.80, observed in NC under WAMC
(PBIAS =49.19%, obtained with the default method), and in CT
under both DAMC and WAMC, respectively. The latter was de-
termined using methods 3 (PBIAS = 29.70% under DAMC and
PBIAS =36.52% under WAMC) and 4 (PBIAS = 68.85% under
DAMC and PBIAS = 72.37% under WAMC).

In a one-year study conducted by Vieira et al. (2018) with nat-
ural rainfall on post-fire soils in Portugal, researchers calculated
K factor (0.017 t ha! h™'/ha MJ™' mm™) using the nomograph
method and the C factor (0.13) using an equation proposed by
Borrelli et al. (2016), which provided specific values for dis-
turbed lands. The RUSLE predicted soil loss with a NSE of 0.70,
2 of 0.89 and PBIAS of —20.1, indicating good model perfor-
mance. We also evaluated model performance using these three
statistics in the current research, but our experiment achieved
good performance based solely on PBIAS.

Without calibration, WEPP exhibited poor performance,
which improved after calibration in most treatments.
Particularly, the best performance was observed in CT treatment
under both DAMC and WAMC when all three calibration
methods were applied. Among these methods, Method 1 stood
out, incorporating interrill erodibility based on observed erosion
and effective hydraulic conductivity calculated with Equation
(28) tailored for fallow conditions, yielding the most favorable
performance statistics.

During validation, Method ldemonstrated superior
performance in CT under WAMC, with a PBIAS of 25.97%.
Conversely, Method 3 exhibited the lowest level of acceptable
performance in CT under DAMC, with a PBIAS of 50.37%, as
shown in Table 7.

These results are in line with those of Onsamrarn et al. (2020),
who conducted a study under natural rainfall conditions with
corn, soil texture of sandy loam to clay loam, and slope gradients
from 6 to 12%. Their validation results showed an NSE of —1.89
and an r*> of 0.26 with no PBIAS calculated. They proposed
calibrated interrill erodibility (250000 kg s m™) and hydraulic
conductivity (80 mm h') parameters for both maize
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monocropping with conventional tillage and intercropping high-
value chili with Leucaena hedgerow with minimum tillage. Our
closest calibrated and validated interrill erodibility value to theirs
was 154591.55 kg m™ s7!, with hydraulic conductivity values of
18.10 and 9.8 mm h! in HS treatment under WAMC, where
WEPP performed poorly.

In our treatment with the best WEPP performance, CT under
WAMC, the interrill erodibility was 55680.75 kg s' m™ and hy-
draulic conductivity 18.10, 9.8 and 7.19 mm h™'. Interestingly,
the interrill erodibility in Onsamrarn et al.’s investigation was
almost three times higher than ours, despite similar soil condi-
tions in their monocrop practice and our CT treatment.
Onsamrarn et al. (2020) did not vary this parameter between
treatments, consistent with the recommendation in WEPP
manual to define a baseline interrill erodibility modified by the
model based on vegetation and soil crusting characteristics.

However, we used an equation for calculating interrill
erodibility that already included effects from rainfall intensity,
sediments rate and slope, potentially resulting in an inaccurate
baseline interrill erodibility as required by the WEPP software.
Despite this potential discrepancy, our validated interrill
erodibility contributed to good WEPP performance (PBIAS of
25.97 and 29.74%). It is worth noting that the uncalibrated

WEPP in CT under WAMC showed poor performance, possibly
due to WEPP-calculated interrill erodibility.

The baseline interrill erodibility value (for croplands) used by
WEPP, assuming 20% of the sand fraction as very fine sand
(Panagos et al., 2014), would be 4533740 kg s' m ™. The WEPP
manual recommends a range of interrill erodibility baseline of
500000 to 12000000 kg s™! m™, indicating that both Onsamrarn
et al. (2020) and our study had relatively low interrill erodibility
inputs. Hypothetically, a better value of interrill erodibility
would fall between the range of 140000 and 250000 kg s m™,
disregarding the lowest value suggested in the WEPP manual.
In another study, Mirzaee and Ghorbani-Dashtaki (2021)
conducted experiments with artificial rainfall on bare fallow
conditions and calcareous soils with slopes mostly greater of
25%. Initially, they observed poor performance from the WEPP
model (2 = 0.09) when using baseline erodibility parameters
calculated following WEPP manual recommendations.
However, they achieved significant improvement in results (1=
0.68) by adopting a new method for calculating erodibility
parameters, as proposed by Mirzaee et al. (2017), which involved
stepwise multiple-linear regression and artificial neural
networks.

Table 7. Statistics of performance for uncalibrated, calibrated and validated WEPP for both Dry and Wet Antecedent Soil Moisture conditions

(DAMC and WAMC).

Uncalibrated - Calll;ratlon | 3 - | Valld;tlon | 3
Dry AMC
No crop
NSE -1192.19 -0.24 0.02 -1.35 —0.80
PBIAS —1827.68 57.49 35.92 51.31 42.81
12 0.09 na? na na na
Conventional tillage + residues
NSE —18953.49 -52.38 —68.53 -49.77 —0.94 —2.26 —1.34
PBIAS -3097.38 45.02 51.89 49.68 28.00 42.02 32.91
r? 0.13 na na na na na na
Conventional tillage
NSE -9179.04 0.99 0.70 0.98 na na na
PBIAS -4964.64 -1.75 18.10 3.89 47.78 57.83 50.37
r? 0.83 na na na na na na
Handspike
NSE —1555.20 —2.48 -1.70 —-1.80 —-1.58
PBIAS —2024.44 49.42 40.46 80.30 76.70
r? 0.00 na na na na
Wet AMC
No crop
NSE -463.33 na na -1.09 -0.98
PBIAS —1564.35 45.10 35.92 72.13 72.35
r? 0.29 na na na
Conventional tillage + residues
NSE —7566.72 -2.58 -3.64 —2.84 —82.54 —150.30 —60.08
PBIAS —1863.23 47.68 57.50 50.26 61.89 84.69 53.62
1’ 0.96 na na na na na na
Conventional tillage
NSE -10758.72 0.99 0.84 0.99 na na na
PBIAS -4545.98 —1.41 17.82 3.52 25.97 40.74 29.74
r? 0.44 na na na na na na
Handspike
NSE -929.09 na na -2.18 —1.87
PBIAS —1230.56 23.40 9.55 76.82 72.71
r? 0.05 na na na na
3 Not applicable.
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Mirzaee and Ghorbani-Dashtaki (2021) reported a mean of
interrill erodibility of 2000000 kg s m™, contrasting with the
calculated mean of 3300000 kg s m™ using the WEPP manual
suggestions. Once again, the study demonstrated that lower
values of interrill erodibility than the recommended led to better
prediction outcomes.

In another study with rainfall simulation in forest environ-
ments, Xia et al. (2019) reported NSE values of —0.901 and 0.81
for uncalibrated and calibrated WEPP, respectively. Initially, the
researchers followed WEPP recommendations for calculating
the erodibility parameter, resulting in a value of 1041200 kg s
m*. However, after artificially calibrating it to fit the observed
data, they improved model performance, with the interrill erodi-
bility adjusted to 4974960 kg s m™. The authors concluded that
lower values of soil erodibility and hydraulic conductivity led to
enhanced WEPP performance.

Comparison of RUSLE and WEPP

Before calibration, WEPP exhibited poor performance, unlike
RUSLE, which showed good performance in all treatments
except in CTR, based on r? values. WEPP underpredicted soil
erosion by over 1000%, while RUSLE overpredicted it by more
than 68%.

Following calibration, RUSLE’s performance improved to
perfection in all treatments, whereas WEPP showed good perfor-
mance, particularly in the CT treatment (refer to Tables 6 and 7).
In validation, RUSLE performed well in all the treatments except
in CT under both DAMC and WAMC, while WEPP performed
well only in CT under WAMC.

Both RUSLE and WEPP performances were influenced not
only by their respective parameters but also by the methods
employed in their calculation. Notably, default methods
impacted better in RUSLE performance than in WEPP. It is
worth mentioning that, in RUSLE, the equation referred to as the
default method for calculating the K factor the equation was not
the one recommended by RUSLE developers, but rather an
enhanced version of it. The methods that worked better in cali-
bration of both models included observed data. PBIAS ranged
from 53.62 % to 28% in WEPP and from 49.19% to 3.78% in
RUSLE. In NC under DAMC, RUSLE demonstrated superior
performance, whereas WEPP excelled in simulating soil erosion
in CTR under the same conditions. Furthermore, RUSLE outper-
formed WEPP in CT under DAMC and HS under DAMC sce-
narios. Similarly, RUSLE exhibited better simulation results in
NC and CTR under DAMC conditions. Conversely, WEPP
showed better performance in CT under WAMC conditions,
while RUSLE was more effective in predicting erosion in HS
under WAMC conditions.

CONCLUSION

The empirical approach of RUSLE simulated better the soil
erosion than the physical approach of WEPP in the specific
conditions of the current study: short term erosion in corn
cropping under conventional tillage plus residues or zero tillage,
high rainfall intensities, sandy clay loam soil and slopes near to
2.8%.

The input data to parameterize the two models played a
crucial role on their performance. The wider use of RUSLE made
easier to find a C factor suggested by other researchers for crop
management, as well as alternative equations of K factor. The
developers of WEPP suggested to calibrate based on soil
parameters (Flanagan and Frankenberger, 2012), but in the
current research conditions, like the absence of measured

hydraulic conductivity and flow velocity, it may be useful to
calibrate based on crop management too.

The RUSLE simulated successfully the erosion in all the stud-
ied treatments except in CT under both DAMC and WAMC,
while WEPP performed well just in CT under WAMC.

These findings underscore the importance of considering spe-
cific agricultural management practices and environmental con-
ditions when selecting erosion prediction models for accurate
soil erosion.
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