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ABSTRACT

The Brazilian Savanna (Cerrado) is the second-largest South American biome that corresponds to almost two-third of the na-
tional agricultural production. Extensive agricultural-driven land-use changes have significantly altered the landscape, causing
increased soil erosion. Furthermore, projections of climate change effects on the Cerrado raise concerns about the potential
exacerbation of soil loss and its consequences on ecosystem sustainability. This study investigated soil loss for the Cerrado eco-
system by assessing current rates and projecting the potential effects of future climate change. Current soil loss was based on
experimental plots (100 m?) during 7years maintained under typical main land cover in Brazil (sugarcane, pasture, Cerrado, and
bare soil). Erosivity, by using the Universal Soil Loss Equation (USLE), was estimated from observations, parameters of erodibil-
ity, and land cover. To assess the future soil loss (2100), we used the calibrated USLE equation with yearly erosivity derived from
12 downscaled and bias-corrected SSP2-4.5 and SSP5-8.5 scenarios of CMIP6 climate model projections. Current agricultural
practices induce considerable erosion, where sugarcane has 3.4 times higher soil loss as compared with the natural soil cover.
Regarding future SSP2-4.5 and SSP5-8.5 scenarios (2100), we estimated an increase of 4.9% and 7.6% in soil loss, respectively, for
all land covers. The observed soil loss rates underscore the critical importance of implementing sustainable land management
practices to mitigate further soil degradation. Climate change may impose additional stress on the Cerrado ecosystem, amplify-
ing the urgency for adaptive measures to safeguard this important biome.

1 | Introduction drivers of soil erosion by water are rainfall, land cover, land

use, topography, and soil type. The intensification of soil loss

Soil erosion is a severe form of land degradation, negatively
impacting soil quality, biodiversity, food production, and
water quality (Bagarello, Ferro, and Flanagan 2018; Roy
et al. 2023). This degradation broadly affects the ecosystem
functions and services provided by soil, vegetation, and water
resource systems, ultimately threatening human well-being
and the global climatic system (Pravilie 2021). The main

is due to (i) changes in rainfall patterns and (ii) land use. The
predicted alteration of rainfall patterns under future climate
change scenarios, in terms of both amount and intensity, can
potentially increase the disaggregation of soils (Amanambu
et al. 2019; Duulatov et al. 2019; Weng et al. 2023). Population
growth will escalate the demand for food, water, and en-
ergy, creating an imbalance between the supply and demand
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of natural resources (Dawadi and Ahmad 2013; Veettil and
Mishra 2020). Consequently, an increase of soil erosion due
to changes in land use and land cover (LULC), primarily
driven by deforestation and agricultural expansion is expected
(Eekhout and de Vente 2022). Improving the understanding of
relationships between land, hydrology, and climate is stated
as one of the 23 major unsolved problems proposed by Bloschl
et al. (2019).

Agricultureisamajordriver ofland use and cover changes glob-
ally (Aghsaei et al. 2020; Hailu, Mammo, and Kidane 2020),
besides being the anthropogenic activity that constitutes the
largest water use worldwide, representing 70% of the total
freshwater withdrawal. Brazil is one of the global leaders
in the export of agricultural and livestock derivative prod-
ucts, such as soybeans, corn, sugar, coffee, chicken, and beef
(Stabile et al. 2020; Valdes, Hjort, and Seeley 2020). Although
economically relevant, this has come with the loss of more
than 70 Mha of natural vegetation from 1985 onward for agri-
cultural and livestock production purposes (Souza et al. 2020).
In Brazil, the productive engine for agricultural activities is
mainly situated in the wooded Cerrado (WC) biome, situated
in the center of the country, which supports 55% of the na-
tional meat production (Vendrame et al. 2010) and more than
50% of the productive agricultural areas (Spera 2017). The WC
(or just Cerrado), is the Brazilian second largest ecoregion,
covering an area equivalent to Germany, France, England,
Italy, and Spain combined. Since the mid-twentieth century,
the Cerrado has undergone agricultural expansion leading to
a loss of almost 50% of the native forest vegetation (Strassburg
et al. 2017) and less than 3% are conserved within protected
areas (Costa Junior et al. 2012), which threatens not only the
flora but also the fauna that dwells therein. This ecoregion
has been declared as one of the 25 global biodiversity hotspots
(Myers et al. 2000).

The extensive land-use changes driven by the agricultural
expansion have altered the landscape, leading to changes in
runoff patterns and increased soil loss (Oliveira et al. 2015;
Anache et al. 2019), endangering water and food security.
Soil erosion processes and their relationship with runoff and
sediment concentration have been successfully evaluated
worldwide in experimental field plots (Todisco et al. 2012; Lal
et al. 2017; Chalise et al. 2020; Mohammed, Abdo, et al. 2020).
Likewise, many mathematical models have been devel-
oped over time to estimate soil loss at the annual and event
scales. The most widely model used is the empirical Universal
Soil Loss Equation (USLE), elaborated by Wischmeier and
Smith (1978) using runoff and soil loss data collected at
the plot scale. To estimate the mean annual soil loss, USLE
employs the product between five erosion-related factors:
Rainfall erosivity, soil erodibility, topography, land cover, and
management (Wischmeier and Smith 1978). Limitations of the
USLE, primarily associated with its spatial (plot-scale) and
temporal (mean annual) scales of application, as well as its
use in regions with climate and landscape properties different
from their development origin (Boardman 2006; Bagarello,
Ferro, and Pampalone 2015), have prompted the development
of several modified versions of the equation (e.g., Renard
et al. 1997; Kinnell and Risse 1998; Bagarello et al. 2008). Still
the original model remains an attractive tool for predicting

soil erosion employing just a few parameters (Bagarello, Ferro,
and Flanagan 2018), particularly relevant for practical appli-
cations in regions with scarce data such as Brazil.

There is an urgent need to consider future climatic alterations
of soil loss estimation (Stefanidis and Stathis 2018; Aslan
et al. 2019; Hateffard et al. 2021). For instance, rainfall ero-
sivity, defined as the potential of rainfall to cause soil loss
(Nearing et al. 2017), is expected to be affected by climate
change (Biasutti and Seager 2015; Riquetti et al. 2020; Azari,
Oliaye, and Nearing 2021; Panagos et al. 2022), varying in in-
tensity locally. Consequently, the quantification of soil erosion
under current and future scenarios is of major relevance to
provide a basis for the adoption of mitigation strategies, espe-
cially over agricultural-natural hotspots such as the Cerrado
biome. Despite numerous previous studies addressing erosiv-
ity and soil loss under climate change scenarios, most of them
were based on simulations that lacked field monitoring for
calibration of the historical period to enable accurate future
predictions. Furthermore, proper evaluation of the linkages
between land degradation and climate change is fundamen-
tal for the development of soil erosion mitigation policies
and building climate-resilient agroecological systems (Webb
et al. 2017), which aligns with the objectives of the UN's 17
Sustainable Development Goals.

The present study aimed to investigate the change in soil loss
resulting from changes in LULCs within the Cerrado biome and
climate change until the end of the century. For that, we (i) cal-
ibrated the USLE model based on current soil loss monitoring
and (ii) estimated soil loss under future climate change scenar-
ios. Measured data from experimental plots (100 m?) over 7years
maintained under typical main land covers found in Brazil (sug-
arcane, pasture, WC, and bare soil) were used to estimate the
parameters of the USLE model. To assess the future soil loss (up
to 2100), we implemented the calibrated USLE equation with
yearly erosivity derived from climate data by the CLIMBbra
(Ballarin et al. 2023), a Brazilian dataset based on the SSP2-4.5
and SSP5-8.5 scenarios of CMIP6 climate model projections.
Our findings are unique and to the best of our knowledge, the
first study to use downscaled (regional) bias-corrected climate
models of the sixth generation (CMIP6, O'Neill et al. 2016;
Tebaldi et al. 2021) for soil loss evaluation, contributing to an-
ticipation of the impacts of climate change on soil loss in the
WC biome.

2 | Materials and Methods

In Figure 1 is given the summary of the methodological flow-
chart employed in this study, composed of three phases. The
first phase comprehends the field monitoring of soil loss and
rainfall (intensity and amount) where a higher description is
given in Section 2.1. In the second phase, the field data is em-
ployed to estimate and calibrate the parameters that compose
the soil loss model (USLE). Greater details about the model han-
dling are given in Section 2.2, while Section 2.4 details the sta-
tistical tools employed to evaluate model performance. Lastly, to
investigate the implications of climate change on soil loss at the
intermediate and distant future periods, regional climate mod-
els (RCMs) were handled and applied to the calibrated USLE
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FIGURE1 | Methodological flowchart employed in this study. [Colour figure can be viewed at wileyonlinelibrary.com]

model. Further methodological details regarding phase 3 are
given in Section 2.3.

2.1 | Study Area and Soil Loss Observations

The field monitoring site is located at the Fazenda Sdo José
(22°10’S, 47°52' W), Instituto Arruda Botelho (IAB), in the mu-
nicipality of Itirapina, S3o Paulo State, Southeast region of Brazil
(Figure 2). The area is inside two major hydrological, environ-
mental, and agricultural hotspots in the country: the Guarani
Aquifer System (Oliveira et al. 2021) outcrop zone and the WC
biome. The WC biome, also known as the Brazilian savanna, is
home to trees with unique physiological adaptations that enable
them to thrive in its challenging environment. The flora is not
homogeneous, but instead composed of a mosaic of more than
4000 small, tortuous, 6-7m high tree species (Cima, Amaral,
and Massi 2023). These trees possess deep root systems to ac-
cess water during dry seasons, a thick cork on their trunks, stiff
leathery leaves, and xeromorphic characteristics to reduce water
loss (Ribeiro and Walter 2008). Lastly, the defined dry seasons
over 6 months are prone to wildfires and tree adaptations to fire
include thick bark for protection and the ability to resprout from
roots or lower stems after damage (Santos et al. 2024).

According to the Koppen classification system (Alvares
et al. 2013), the climate in the region is humid subtropical
(Cwa), with dry winter (April to September) and a hot humid
summer. Considering the rainy season, our yearly analysis
started on July 1st. The average altitude is 780m and the aver-
age annual precipitation is 1248 mm (see Table 3), with a mean
temperature of 21.6°C and relative humidity of 71% (Oliveira,
Nearing, and Wendland 2015). From the Brazilian soil clas-
sification system (SiBCS), the soil in the study area is classi-
fied as Ortic Quartzarenic Neosol (RQo) with sandy texture
(EMBRAPA 1997), poor in nutrients and acidic type. In Table 1
is given the pedological characteristics of the study area based
on analysis of a sample resulted from the mix of three samples
collected inside each plot.

The study area comprises experimental plots with 100m? (20m
long and 5m wide) with 9% slope gradient delimited by 30cm
high metal sheets. The plots were designed in triplicates to ad-
equately represent field variation and covered by four typical
LULCs commonly found in the Southeast region of Brazil: sug-
arcane (SC), pasture (PS), and bare soil (BS) at Site 1, and WC
remnant area at Site 2. Since the implementation of the exper-
imental plots in 2011 (Oliveira, Nearing, and Wendland 2015;
Youlton, Bragion, and Wendland 2016; Youlton et al. 2016),
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FIGURE2 | Studysiteslocation, monthly rainfall distribution, and photos of experimental plots. [Colour figure can be viewed at wileyonlinelibrary.
com]
TABLE1 | Pedological characteristics of the study area.
Bulk density Particle density =~ Hydraulic conductivity

Depth (cm) (gecm™3) Sand (%) Silt (%) Clay(%) pH (gem™3) (mmh1)

15 1.399 85 4 11 4.73 — —

30 1.499 83 4 13 4.55 2.64 147.31

60 1.495 81 5 14 4.52 2.65 117.01

90 1.501 81 8 12 4.33 2.65 129.34

continuous monitoring of runoff and soil erosion has been car-
ried out for each of the land covers (Anache et al. 2018; Anache
et al. 2019). Besides runoff and soil loss observations, located
beside plots at site 1 there is an automatic weather station (IAB
station) collecting meteorological data (precipitation, relative
humidity, temperature, solar radiation, wind speed, and di-
rection) at 10min resolution. Close to site 1 (5.2km) another
weather station (CRHEA station) provides similar meteoro-
logical observations since 1973, but at a daily resolution. The
IAB station data were employed during calculation of erosivity,

modified Fournier index (MFI), and USLE model under the cur-
rent time-frame, while CRHEA was used for climate change
model selection since it has a longer data record covering the
baseline of the climate model.

Surface runoff carrying soil particles flows downstream in the
plot and is collected by a gutter made of metal sheets, then di-
rected through an outlet toward water tanks of 310-L capacity.
The soil loss was assessed gravimetrically in the laboratory. The
soil, collected in the water tanks, was quantified by multiplying
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the content in 1L water samples collected simultaneously
with measurements of water levels within the storage tanks.
The gravimetric technique was applied to determine the dry
mass of soil, which did not make its way to the storage tanks.
Consequently, the complete soil loss following a rainfall event
was calculated by adding the dry mass of soil retained within
the collection units and the outcome of multiplying the sed-
iment concentration by the runoff volume. The field monitor-
ing dataset employed is freely available at https://zenodo.org/
doi/10.5281/zenod0.10009738 while wider data description is
given by Schwamback et al. (2024).

2.2 | Universal Soil Loss Equation

The USLE, developed by Wischmeier and Smith (1978), was
used to estimate and predict soil loss in current and future cli-
mate scenarios. The USLE is a well-established, worldwide used
equation to estimate the average annual soil loss related to sheet
and rill erosion occurrence, being composed by six factors repre-
sentative of climate (R), soil (K), topography (LS), vegetation (C),
and management aspects (P):

A=R-K-LS-C-P )

where A is the mean annual soil loss per unit area (tha='year™),
R is the rainfall erosivity factor (MJmmha='h'), K is the soil
erodibility factor (thahha='MJ'mm™), L is the slope-length
factor (dimensionless), S is the slope-steepness factor (dimen-
sionless), C is the cover and management factor (dimensionless),
and P is the support practice factor (dimensionless).

2.2.1 | Rainfall Erosivity Factor (R)

The rainfall erosivity is related to the kinetic energy of fall-
ing raindrops that detach soil particles, which enhances their
transport rate with runoff (Renard et al. 1997; Mohammed,
Alsafadi, et al. 2020). Calculation of R can be made for annual
and other periods (Nearing et al. 2017). In this study, the R fac-
tor was calculated using the Rainfall Intensity Summarization
Tool (RIST, USDA 2013). The rainfall erosivity index for each
storm, spanning from July 2012 to June 2019, was expressed
by Equation (2):

n m
R= Z(Zejxvj>XI30i )
i=1 \ j=1

where n is the total number of rainfall events during the pe-
riod of interest, E, represents the kinetic energy of the rainfall
event (MJ ha™), and I, , is the maximum 30-min intensity of
the rainfall event (mmh1). For the kinetic energy calculation,
e; is the kinetic energy of the raindrop (MJ ha'mm™™), v, is the
precipitation depth of the raindrop (mm), and m is the total
number of raindrops in the event. The kinetic energy of each
raindrop, which is a distinguishing factor in the USLE (Nearing
et al. 2017), is defined by Brown and Foster (1987) as:

e; =1099[1 — 0.72 exp( — 1.27i)| 3)

where ¢; is the unitary kinetic energy (MJha™ mm™") and i is the
raindrop intensity (mmh1).

To compute the R factor that is related to soil loss, it is essential
to define the minimum inter-event time (MIT) during which
rainfall periods are considered to be isolated and non-erosive.
Rainfall events separated by MITs of no precipitation can in-
fluence the erosivity calculations of the defined storms (Tu
etal. 2023). Several studies have segregated rainfall events based
on different intervals, such as 1 (Molina-Sanchis et al. 2016), 4
(Tu et al. 2023), 6 (Nearing et al. 2017; Oliveira, Nearing, and
Wendland 2015), and 12h (Bracken and Croke 2007). To select
the most appropriate MIT we correlated monthly soil loss and
MIT ranging from 0.5 to 24h and found that 6h was the most
suitable (Data S1), which is higher than the minimum 1h MIT
required for drainage in macropores to influence antecedent
soil moisture and runoff (Molina-Sanchis et al. 2016). Therefore,
events were considered isolated when the precipitation was less
than 1mm over 6h MIT and erosive when it was higher than
10mm (Tu et al. 2023).

2.2.2 | Slope-Length Factor (LS)

The LS factor represents the slope-length (L) and slope-
steepness (S) of the regional topography for soil erosion rates
(Ghosal and Das Bhattacharya 2020). By convenience, they
are often used as a single topographic factor, namely the LS
factor (Wischmeier and Smith 1978). The LS factor is deter-
mined based on the length and slope of the plot (Equation (4),
McCool et al. 1987):

m

LS = ——— X 0.065 +0.0455 + 0.0065s> ©)]

where, A (m) represents the plot length, s is the slope (%), and m
is a parameter exponent (equals to 0.5 for slopes higher than 5%,
0.4 for slopes ranging from 3.5% to 4.5%, 0.3 for slopes spanning
1% to 3%, and 0.2 for consistent gradients below 1%).

2.2.3 | Crop Management Factor

The cover and management (C) factor indicates the protection ef-
ficiency of a particular vegetation cover from soil erosion (Bing
and Lei 2022; Hou et al. 2020). Thus, this factor represents the
relation between phenological (e.g., canopy cover and dry matter
production) and management (e.g., tillage and soil cover) char-
acteristics by environmental data, such as rainfall (Rocha and
Sparovek 2021). The computation of the cover and management
factor (C-factor) involved the assessment of the 322 erosive storms
that occurred between July 2012 and June 2020. This parameter
was derived by comparing the soil loss from each treatment to ob-
servation from bare soil (soil loss ratio, SLR), and by accounting
for the portion of the erosive rainfall occurring during that time
interval compared with the sum of erosivity (Wischmeier and
Smith 1978):

C = SLR, X EI30, + SLR, X EI30, + ...
>, EI30;

+ SLR, x EI30,

©)
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where SLR, is the average soil loss observed in vegetated repli-
cated plots divided by the average soil loss observed in replicated
plots under bare soil, and EL,, is the erosivity at event i.

2.2.4 | Soil Erodibility Factor (K)

The soil erodibility (K) factor describes the soil particles’ sus-
ceptibility to detachment and transport by water. Hence, it is as
factor that reflects the soil composition and sensitivity to be ex-
posed to erosion (Zhu et al. 2019; Atoma, Suryabhagavan, and
Balakrishnan 2020), being primarily influenced by soil texture,
but also structure, organic matter, and permeability. Here, K
was determined based on the simplification of Equation (1),
given by mean soil loss (A) divided by the rainfall erosion index
(R), since LS (topography), C (soil cover and management), and
P (support practices) have a value of 1 if soil erodibility is as-
sessed in a fallow standard experimental plot that is not man-
aged with support practices (Anache et al. 2015).

2.2.5 | Conservation Support Practice Factor (P)

The support practice (P) factor is related to the impact of land use
and certain farming and tillage-supporting practices on soil ero-
sion (Pham, Degener, and Kappas 2018). Regarding agriculture
practices, the adoption of strategies to control soil erosion, such
as contouring, terracing, and strip-cropping has a significant
impact on soil loss through the P factor (Nyesheja et al. 2019).
Since the plots did not employ any conservation practice, this
factor was equal to 1.

2.3 | Climate Change Models

To estimate the future soil loss, we employed the USLE equa-
tion with the same factors (C, K, and LS-factors) as described
above. The rainfall erosivity (R) was calculated using rainfall
data from the CLIMBra—Climate Change Dataset for Brazil
(Ballarin et al. 2023). ClimBRA offers 19 CMIP6 RCMs bias-
corrected daily rainfall at 0.25° spatial resolution. The sim-
ulations encompassed a baseline period (1980-2013) and a
future period (2015-2100), each propelled by two Shared
Socioeconomic Pathways (SSPs): the middle-of-the-road sce-
nario (SSP2-4.5, updated RCP4.5 pathway) and the path
characterized by fossil-fueled expansion (SSP5-8.5, updated
RCP8.5 pathway). The latter scenario embodies the upper limit
of forthcoming trajectories, involving emissions substantial
enough to achieve a radiative forcing of 8.5W m~2 by the year
2100. In contrast, SSP2-4.5 represents the intermediate seg-
ment within the spectrum of forthcoming pathways by achiev-
ing a radiative forcing of 4.5 W m~2 by the year 2100. These two
scenarios represent an updated iteration of the previous RCPs
as outlined in CMIP5 (RCP4.5 and RCP8.5). We chose these
two SSPs first because the scenarios encompass a broad spec-
trum of projected alterations in global climate dynamics and
second, they hold the distinction of being the most frequently
utilized future outlooks in Brazilian studies related to climate
change (Almagro et al. 2017; Ballarin et al. 2023). This second
prominence is particularly evident in projects led by the clima-
tological institution in the country (National Institute for Space

Research—INPE), which furnishes future data simulated by
RCMs by incorporating the two corresponding RCPs-CMIP5.

Even though the climate models available by CLIMBra were
bias-corrected with national historical data, there might be local
differences in rainfall patterns that could interfere with the ero-
sivity calculations. To avoid this, the Mann-Whitney U test was
used for comparing monthly median differences between base-
line data from each model and local historical observations from
the CRHEA weather monitoring station. The U-test does not as-
sume any specific distribution (such as normal distribution of
samples) for calculating test statistics and p values. From the 19
models available at CLIMBra, we selected 12 RCMs (Table 2).

Since the climate model projections provide daily records and
RIST required sub-daily records, to construct the erosivity we
used the relationship between monthly R from local observa-
tions and the MFI (Arnoldus 1977), given by Equation (6). We
employed three different curve fitting methods including linear,
logarithmic, and power function to identify the one with the
highest correlation with historical erosivity.

12 pz
MFI = 2 -4 ©)
i=1 P

where p, represents the rainfall (mm) of the ith month, and P
denotes the total annual rainfall (mm).

2.4 | Statistical Model Performance

Model performance of representing monitored soil loss was eval-
uated in terms of coefficient of determination (R?, Equation 7),
Percent of Bias (PBIAS, Equation 8), and Root Mean Squared
Error (RMSE, Equation 9):

N 2
i= y', T _y‘,
R2=1_<2N1( i,pred _lobs)2 >,0.0<R2S1 (7)
Zi:l (yi,obs _yi,obs)

Zﬁ\i1 (yi,obs - Yi,pred)

PBIAS = ~
Z,‘:l yi,obs

% 100,0.0 < PBIAS < o0 (8)

1 N 2
RMSE = \/ N Zizl (¥iprea —Yiobs) »0-0 <RMSE < 00 (9)

wherein N is the sample size, y,..q and y,,; are the predicted
and observed data, respectively, ., is the mean value of the
observed data. RMSE shares the data's units, PBIAS is given in
percentage, and R? is dimensionless.

3 | Results
3.1 | USLE Parameters
Soil loss was mainly driven by the land cover factor (Pearson of

0.81, p value <0.05), followed by soil erodibility with moderate sig-
nificant correlation (Pearson of 0.51, p value <0.05), while rainfall
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TABLE 2 | Bias-corrected CMIP6 climate model projections used for climate projection based on the SSP2-4.5 and SSP5-8.5 scenarios.

Country/ p-value
Model Region Reference U test RMSE? PBIAS?
ACCESS-CM2 Australia Bi et al. (2020) 0.61 112.97 0.23
ACCESS-ESM1-5 Australia Law et al. (2017); Ziehn et al. (2020) 0.15 104.81 —0.20
EC-EARTH3 Europe Doscher et al. (2022) 0.77 91.60 0.35
GFDL-CM4 USA Held et al. (2019) 0.77 100.00 0.22
GFDL-ESM4 USA Dunne et al. (2020) 0.18 111.42 -0.10
HadGEM3-GC31-LL UK Williams et al. (2018) 0.21 103.96 —-0.13
K-ACE South Korea Lee et al. (2020) 0.51 110.71 0.28
MIROC6 Japan Tatebe et al. (2019) 0.34 97.40 0.56
MPI-ESM1-2 Germany Gutjahr et al. (2019); Miiller et al. (2018) 0.57 97.63 —-0.32
MRI-ESM2 Japan Yukimoto et al. (2019) 0.34 101.89 -0.12
NESM3 China Cao et al. (2018) 0.14 114.21 -0.11
UKESM1.0 UK Sellar et al. (2019) 0.36 98.61 —0.04
aMetric based on comparing model historical precipitation (1980-2013) and field observations.
® Jan ® Feb ® Mar ® Apr ® May ® Jun e Jul e Aug ® Set Oct Nov Dec
0.0200
a) Sugarcane b) Pasture
0.1251 0.0175
= i = ° s
L“:f 0.100 © 'g 0.0150 1
5 0.075 A § 0.0125
@ 0.050 4 o
8 0.05 $ 0.0100 1
—_ [ ] -
-g 0.025 A y = 0.000048x + 0.004 'g 0.0075 A L4 y = 0.000004x + 0.008
Rz =0.24 R? =0.15
0.000 1 p-value = 0.103 0.0050 1 p-value = 0.220
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FIGURE 3 | Scatter of monthly soil loss events based on correspondent rainfall erosivity. The gray area indicates the 95% confidence interval of

fitting curve. [Colour figure can be viewed at wileyonlinelibrary.com]

erosivity did not exhibit a statistically significant relationship
(Pearson of —0.07, p value <0.05). In the following paragraph, fur-
ther explanations of each USLE parameter are performed.

3.1.1 | Erosivity Factor (R)

Over the past 7years, 1057 isolated rainfall events were mon-
itored, with 322 erosive (23.4%) and 1057 nonerosive (76.6%)

events. Note that rainfall events in August were nonerosive
based on criteria implemented in RIST (see Table 3 monthly dis-
tribution of rainfall and erosivity). The study area had a rainy
season between December and March that accounted for 52%
of mean annual erosivity whereas the dry season (Jun-Aug)
corresponded to approximately 1.3% of annual erosivity. From
Figure 3 we can see the relationship between rainfall erosiv-
ity and soil loss for each treatment analyzed. Soil losses for
BS (R?=0.56) and WC (R?>=0.40) plots strongly depended on
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TABLE 3 | Monthly erosivity (tonha=year) and erosivity density
monitored at study area location.

Erosivity
Precipitation Erovivity density

Month (mm) (MJmmha~'h) (MJha'lh)
Jan 204.13 1001.63 4.91
Feb 154.62 1000.55 6.47
Mar 131.13 709.83 5.41
Apr 74.78 281.04 3.76
May 75.97 321.23 4.23
Jun 36.12 44.08 1.22
Jul 18.48 15.11 0.82
Aug 2491 0 0
Sep 66.41 153.42 2.31
Oct 112.35 482.36 4.51
Nov 159.23 481.21 3.02
Dec 197.32 713.64 3.62
Total 1255.45 5204.10 4.15

erosivity (p value <0.05), while SC (R>=0.24) and PS (R?=0.15)
plots had a nonsignificant dependence (p value>0.05).
Comparing soil management practices in agricultural areas,
sugarcane has annual seasonal practices (i.e., tillage) while sea-
sonal compaction occurs during pasture rotation of cattle. These
activities impact soil porosity, structure, and permeability which
lead to a unique sensitivity to rainfall erosivity.

3.1.2 | Soil Erodibility (K) and Slope-Length Factors
s)

Based on the ratio between mean annual soil loss at bare soil plot
and annual erosivity, we obtained an erodibility for the Neossolo
soil equal to 0.0027982 tonhahha=*MJ~'mm~. Considering the
experimental plot size and slope, the LS factor was equal to 0.9526.

3.1.3 | Land Cover Factor (C)

The land cover factor for sugarcane, pasture, and WD was
0.0286, 0.0123, and 0.0133, respectively. These values demon-
strate a major difference in erosion vulnerability among ag-
ricultural land uses, where sugarcane had a 2.3-fold higher
potential soil loss than pasture. This difference was expected
and can be attributed, among other factors, to the soil distur-
bance practices for the sugarcane-covered plot and greater soil
compaction due to cattle trampling in the pasture-covered plot.
When comparing the C factor from agricultural (mean values
of pasture and sugarcane) and natural (WC) covered plots,
the former had a 1.5-fold smaller soil loss potential, due to the
permanent deep root system that enables infiltration and for-
est litter to prevent rainfall splash with following soil particle
transport.

3.2 | Actual Soil Loss Estimated by USLE

The monitored annual soil loss and estimation by USLE for each
treatment are presented in Figure 4. From the observed means,
bare soil resulted in the highest soil loss (18.8 tonha™?), followed
by sugarcane (0.41 tonha™'), and WC (0.12 tonha™?), while pas-
ture (0.1 tonha™') had the lowest one. As expected, soil particles
in bare soil areas are easily detached and without organic barriers
they are easily removed by runoff, leading to higher soil losses.
Sugarcane presented greater soil loss than pasture due to the
higher soil disturbance caused by tillage and plantation (Anache
et al. 2018). In addition, pasture areas had a greater aggregation
of soil particles due to their fasciculated roots that enhance soil
resistance to erosion (Nacinovic et al. 2014). On the other hand,
native forest had lower monitored soil loss since it is composed of
a complex number of herbal species with deep root systems that
promote fast infiltration, and thick litter that reduce splash ef-
fects and subsequent soil particle transport (Siqueira et al. 2021).

When we compared monitored with predicted soil loss, USLE
predicted the same hierarchy of LULC as observed in the field
monitoring. The long-term predicted mean soil loss was slightly
under the estimated one for bare soil (3.5%), while it was over-
estimated for sugarcane (26.7%), WC (102.0%), and pasture
(121.3%) covered plots. Nonetheless, the BIAS between observed
and predicted soil loss was mostly systematic (Figure 5), which
led to a high linear correlation between these two variables that
can be used to correct the USLE estimations at other sites under
same LULC. USLE predictions for BS plot had the highest per-
formance (R?=0.85) followed by PS (R?>=0.80), WC (R>=0.74),
and SC (R?=0.73). Note that agricultural plots had a slight decay
in model performance compared to the other ones, mostly due to
soil management practices.

3.3 | Climate Change Scenarios
3.3.1 | MFI and Rainfall Erosivity

Among the two fitted curves for MFI index and rainfall ero-
sivity, the exponential function had the highest correlation
(R?=0.76), followed by linear (R?=0.73), and lastly the log-
arithmic (R?=0.65). Therefore, we suggest Equation (10) for
rainfall erosivity estimation based on daily or monthly rainfall
observations.

R = 123.67MFI%>¥’ 10)

where R is the annual rainfall erosivity (MJmmha-'h=lyear?),
MFI (mm) is computed based on Equation (6).

By employing the local MFI (Equation 10) to bias-corrected
climate change model output, we obtained the erosivity for
historical and projected periods for SSP2-4.5 and SSP5-8.5 sce-
narios, using the CRHEA local station data (Figure 6). Figure 7
shows the annual distribution of climate modeling results,
while Figure 8 summarizes the distribution of erosivity in the
different periods and scenarios analyzed, as well as enabling a
comparison with local estimations and observations. The IAB
station had 10-min data records that enabled direct erosivity
estimations while erosivity for the CRHEA station and climate
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FIGURE 4 | Yearly monitored and estimated soil loss by USLE at bare soil (Figure 3a), sugarcane (Figure 3b), pasture (Figure 3c), and WC
(Figure 3d). Aside from the points at yearly distribution is given the linear fitting curve and its associated coefficient of determination to each land

cover. [Colour figure can be viewed at wileyonlinelibrary.com]
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scenarios was estimated based on Equation (10). Among the
reasons for the mismatch of erosivity between the CRHEA and
IAB stations, first, the stations have different observation peri-
ods and second, the fitting curve failed to adjust to events of high
intensity. On the other hand, the historical erosivity from the
CRHEA monitoring station was within the range of estimated

erosivity derived from climate models during the historical pe-
riod and had similar distribution (p-value 0.05). This demon-
strates the accordance with the climate model selection process
and the validity of models in predictions for the projection pe-
riod. In the intermediate future period, both SSP2-4.5 (mean
of 6194MJmmha'h-'year! and model variation from 4627
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FIGURE 7 | Annual rainfall erosivity (MJmmha~'h=!) from individual CMIP6 climate projection models and field observations. [Colour figure
can be viewed at wileyonlinelibrary.com]|

to 8116) and SSP5-8.5 (mean of 6196 MJ mmha~'h-!year~! and
model variation from 4624 to 8201) projected similar erosivity,
representing a 3.8% rise as compared with the baseline period
of 5891 MImmha~'h~!year™! (individual models ranging from
4923 to 7618). Looking toward the distant future, the mean EI30
showed a tendency to increase by 5% (individual models rang-
ing from —34.1% to 43.7%) based on SSP2-4.5 scenario, reaching

6262MJ mmha~'h~!year~! (individual models ranged from 4060
to 8004) compared to the baseline period. This effect was more
prominent in the projections of the SSP5-8.5 (higher emissions
scenario), as it exhibited the most pronounced growth rate in
erosivity through the years reaching 6418 MImmha—'h!year™!
(individual models ranged from 3931 to 8575) until the end of
the century.
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FIGURE8 | Boxplots of annual erosivity based on local observations
and climate change models for baseline and future time projections.
Orange line indicates median, while green triangle indicates means.
[Colour figure can be viewed at wileyonlinelibrary.com]

3.3.2 | Soil Loss Under Climate Change Projections

Complementing the analysis, from Figure 7 we note that the
climate models included annual oscillations and therefore, ana-
lyzing individual annual erosivity would be inconsistent. Thus,
we computed soil loss over two periods based on 30-year mean
erosivity: intermediate future (2041-2070) and distant future
(2071-2100) based on CMIP6 SSP2-4.5 and SSP5-8.5 climate
projections compared with mean values during the baseline pe-
riod for climate models, summarized in Table 4. In both scenar-
ios, the increase in soil loss due to increasing rainfall erosivity
is note-worthy. This effect is even more prominent in SSP5-8.5,
which considers a higher anthropogenic interference on envi-
ronment, especially in the distant future. In the intermediate
future period (2040-2070), both SSP2-4.5 and SSP5-8.5 scenar-
ios projected an increase of 3.8% and 3.9%, respectively. Looking
forward to the distant future (2070-2100), the SSP2-4.5 path is
projected to increase soil loss by 5%, while SSP5-8.5 scenario
predicted a significant rising soil loss by about 8%.

4 | Discussion

The Brazilian WC is a major biome supporting agriculture that
provides food for the entire world. One of the threats, however,
is soil loss. In this study, we employed a unique database includ-
ing 7years of soil loss observations with experimental plots cov-
ering typical land uses (sugarcane, pasture, bare soil, and WC).
The USLE model parameters were calibrated with high statisti-
cal correlation (R? ranging between 0.73 and 0.88) between ob-
servations and simulations. We employed the USLE parameters
to estimate the soil loss rates under two climate change scenar-
ios and the results indicated an increase of 4.9% (SSP2-4.5) and
7.6% (SSP5-8.5) in soil loss for all evaluated land covers until
the end of the century compared with the baseline period. The
calibrated USLE model is a simple but useful tool for soil loss
estimation and the C and K factors can be employed for estima-
tions in other not monitored areas. Similarly, they can also be
employed to shed light on the still uncertain scene of climate
change effects.

The subtropical climate C-factor identification for common
agricultural and natural land cover (Table 5) serves as a foun-
dation for a conservation-oriented framework and various

investigations about the modeling of erosion and conservation
of agricultural practices and land cover changes. Furthermore,
it can facilitate soil loss rate estimations for areas that are not
monitored, as well as enable projection of future trends in soil
loss rates due to climate change (Table 4). Finally, the C-factors
work as pivotal yardstick for gauging ecological actions, serv-
ing as a pertinent indicator for agro-environmental assessment
(Prasuhn 2022). By drawing parallels from our local findings
with previous investigations (Table 5), the C-values of crop se-
quence systems and natural forest in our research area were in
the range of those found in other studies, except for sugarcane.
This discrepancy can be attributed to the well-structured crop-
ping system, which employed minimum soil disturbance, and
fast-plant development with high leaf-index due to light, water,
and nutrient abundance within our study area. There remains
a limited body of Brazilian studies addressing the C factor
(Cassol et al. 2018; Silva, Nachtigall, et al. 2020; Silva, Cassol,
et al. 2020), while most of them are based on indirect estima-
tions (e.g., NDVI) or short temporal observations (up to 2years),
our observations stand out as a unique subtropical seven-years
data set.

Similar to the R calculations, there are many different ways in
which erodibility can be calculated, based on textural informa-
tion and organic matter (Renard et al. 1997; Wischmeier and
Smith 1978), or estimated from a wide range of soil textures
(Dymond 2010). Besides calculations, there are also large-scale
erodibility data sets, such as for European (Panagos et al. 2014)
and Brazilian territories (Godoi et al. 2021). Nevertheless, the
values presented in large-scale data sets may not represent the
local soil composition and therefore may lead to under- or over-
estimation in soil loss by the USLE family equations. In Table 6
we summarize K-factors estimated for the Neossolo soil class
in other study areas in Brazil and we note that there is a wide
range of values. Among reasons, this may be mainly due to the
different methodologies employed and the soil local composition
(organic matter content and compaction level).

Soil loss rates at a monthly time scale from uncovered areas
are highly dependent on rainfall erosivity, while smaller de-
pendence is noted for covered plots (Figure 6). During the
rainy season, the greatest losses occur not only due to more
intense rainfall but also because consecutive rainfall events
lead to higher soil saturation and consequently, greater run-
off generation. Erosivity was calculated based on an empir-
ical function with a varying rainfall intensity pattern and it
is expected that this is not the complete driver of erosion in
real environments. While interrill erosion is dominated by
splash detachment (function of rainfall intensity), rill and
gully erosion is dominated by runoff rate (not dependent of
rainfall intensity) (Nearing et al. 2017; Cardoso et al. 2020).
Our erosivity estimations are aligned with other erosivity es-
timations set in a global (Panagos et al. 2017; Liu et al. 2020),
continental (Riquetti et al. 2020), national (Mello et al. 2013;
Oliveira, Wendland, and Nearing 2013; Teixeira, Cecilio,
Moreira, et al. 2022), and state perspective (Teixeira, Cecilio,
Oliveira, et al. 2022). However, many previous studies have
provided low spatial resolutions and/or based their estima-
tions on indirect measurement methods. Besides employ-
ing local observations, we also correlated erosivity with the
MFTI index (Figure 6) to propose a relationship that enables
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TABLE 4 | Estimated annual soil loss (tonha~!year™!) based on CMIP6 SSP2-4.5 and SSP5-8.5 climate projections and USLE model. Each cell contains the variable value indicated on the top column

accompanied by the standard deviation (after the sign +).

Erosivity Cerrado Pasture Sugarcane Bare soil Expected change?

Rainfall

Period

Scenario

2012-2019 1330+176 6804 +1002 0.120£0.071 0.101 £0.056 0.409+0.260 18.788 +8.312

Monitored

5966+ 571 0.226 £0.022 0.208 £0.020 0.482+£0.046 16.861 £ 1.610

1503 £85

1980-2013

Baseline

1559 £81 6193 £625 0.234+£0.023 0.216 £0.022 0.500£0.051 17.504 £1.769 3.82%

2041-2070

SSP2-4.5

4.95%
3.86%
7.57%

0.236£0.024 0.219+0.022 0.506+0.051 17.696 £1.795

6261 £635

1595+ 75

2071-2100

1558 +82 6196+ 718 0.234+0.027 0.216 +0.025 0.500+0.058 17.511 £2.032

2041-2070

SSP5-8.5

0.243+£0.029 0.224 £0.026 0.519+0.061 18.138 £2.144

6417 £758

1676 +102

2071-2100

aValue based on the ratio between mean soil loss between projected and baseline periods of climate models.

further local erosivity estimation based on simple monthly
rainfall data (Equation 10). There are only a few developed
regression relationships for erosivity valid for the State of Sdo
Paulo, Brazil (Lombardi Neto and Moldenhauer 1992; Roque,
Carvalho, and Prado 2001; Moreira et al. 2006; Silva, Iori, and
Silva 2009; Teixeira, Cecilio, Oliveira, et al. 2022) and they
are often either too generic for the broader area or locally de-
veloped for different climatic zones. As regression curves are
site-specific, they cannot be directly used in other regions.
Reliable erosivity estimations should be employed using fur-
ther erosion modeling that can enable the identification of ero-
sive hotspots and implementation of conservation practices.

The field observations indicated a current high soil loss rate in
the BS plots, followed by SC, WC, and PS plots (see Table 4). All
plots though, had soil loss below mean rates estimated for the
state of Sdo Paulo, Brazil (30 ton ha=!year—!, Medeiros et al. 2016).
However, BS plots had soil loss rates that surpass a sustainable
erosion limit for the Neossolo soil class that ranges from 5.2 (de
Oliveira Pereira et al. 2008) to 12 tonha~'year™! (Bertoni and
Lombardi Neto 2017). Besides, within expected ranges, histori-
cal mean soil loss from sugarcane plots were much higher than
from forested areas (Figure 4). With soil particles, nutrients are
carried away from agricultural areas leading to eutrophication
in lakes while increasing the need for agricultural fertilizers
(Zhang et al. 2021). Even though PS had lower losses than WC
plots, it generated high runoff, which also led to environmental
disturbance.

There was a good agreement between the long-term mean ob-
served and predicted soil loss, especially for the bare soil (yearly
match with R>=0.88 and overall underestimation of 3.5%). The
reduced predictability in vegetated plots is related to the seasonal
variation of the litter floor and leaf area, imposing higher variabil-
ity in measured soil loss (Oliveira, Nearing, and Wendland 2015;
Anache et al. 2018). The proposed USLE factors (Table 6 and
Table 5) can be applied for soil loss estimation in other regions with
similar soil composition and LULCs, creating outcomes similar to
Medeiros et al. (2016), Gomes et al. (2017), and Riquetti et al. (2022)
identify critical areas prone to erosion in Sdo Paulo State, Cerrado
biome, and South America, respectively. Soil erosion maps are
valuable tools for the development of public policies, indication of
where investments should be allocated, and recommendation of
implementation of conservation practices.

The erosive force of rainfall is considered the major driver of
soil and nutrient losses worldwide (Riquetti et al. 2020; Panagos
et al. 2022). Our analyses projected an increase in erosivity at the
intermediate (3.8% at SPP2-4.5 and 3.9% SSP5-8.5) and distant
future (4.9% at SPP2-4.5 and 7.6% SSP5-8.5) for both climatic
scenarios. Global estimations indicate a rise in erosivity between
30% (RCP4.5) and 34% (RCP8.5) by 2070 depending on climate sce-
nario (Panagos et al. 2022). Riquetti et al. (2020) found contrasting
changes in erosivity in South America and projected a reduction
of erosivity by 15% in the Araguaia basin (Central part of Brazil)
by considering RCP8.5 scenario until the end of the century.
Colman et al. (2019) employed RUSLE and MIROC5 (RCM from
CMIP5) and estimated that soil loss will increase by 12% by 2050
in the Pantanal biome region (Brazil). On the other hand, Anache
et al. (2018) employed the WEPP model and MarkSim DSSAT
dataset (weather generator at global scale using 17 CMIP5 General
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TABLE 5 | Comparison of land cover (C) factors with other studies with similar hydro-climatic characteristics in Brazil.

Land cover C-factor State/Country Reference
Wooded Cerrado 0.0133 Sao Paulo/Brazil Current study
0.013 Sao Paulo/Brazil Oliveira, Nearing, and
Wendland (2015)
0,042 Minas gerais/Brazil da Silva (2014)
0.014 Mato Grosso do Sul/Brazil Almagro et al. (2019)
Pasture 0.0123 Sao Paulo/Brazil Current study
0.030 Sdo Paulo/Brazil Galdino et al. (2015)
0.020 Sao Paulo/Brazil Oliveira, Nearing, and
Wendland (2015)
0.025 Mato Grosso do Sul/Brazil Almagro et al. (2019)
Sugarcane 0.0286 Sao Paulo/Brazil Current study
0.1308 Sdo Paulo/Brazil Corréa et al. (2016)
0.096 Minas gerais/Brazil Ayer et al. (2015)
0.306 Sao Paulo/Brazil Weill (1999)

TABLE 6 | Comparison of erodibility (K) factors from other studies
with similar hydro-climatic characteristics in Brazil.

K-value State/Country Reference
0.00278 Sao Paulo/Brazil Current study
0.0034 Minas Gerais/Brazil Thoma et al. (2022)
0.0292 Goids/Brazil Galdino et al. (2015)
0.0372 Rio Grande do Silva, Nachtigall,

Sul/Brazil et al. (2020) Silva,
Cassol, et al. (2020)

0.0440 Sao Paulo/Brazil Lima et al. (2016)

0.0720 Mato Grosso do Anache et al. (2015)
Sul/Brazil

0.1448 Sao Paulo/Brazil Mannigel et al. (2002)

Circulation Models) and found a significant change in erosion up
to 2090 for an experimental plot in the Brazilian Cerrado. The dif-
ference between the cited studies relies on many aspects, such as
spatial heterogeneity of climate change projections, the number of
models employed, and their generation (Panagos et al. 2022). Our
mean estimations are lower compared with other studies, but in-
side the range (minimum of —34.1% and a maximum of 43.7% at
SSP5-8.5 for the period 2071-2100, see Table 4 and Figure 8). Here,
we assembled 12 CMIP6 models, meaning that our findings are
not heavily influenced by the bias of a singular model, but instead
based on the consensus of multiple mathematical and physical ap-
proaches of these 12 models.

Besides the long-term predicted alteration of soil loss to the
end of the century, we highlight that current land cover
changes pose a bigger threat to soil conservation than climate
change. The mean historical soil loss from sugarcane plots was

3.4 times higher than for pasture, while forest was 4.2 times
smaller than the mean from agricultural areas (Figure 4).
Current global land use change trends are characterized by in-
creasing agricultural land cover over forested areas (Winkler
et al. 2021). Actually, the Amazon biome has already lost 18%
(Silveira et al. 2022) of its natural cover while the Cerrado
has lost 53% (Beuchle et al. 2015) due to deforestation. These
changes are estimated to correspond to up to 40% change in
the atmospheric water budget (Wongchuig et al. 2023). The
water flux over South America is intrinsically coupled to the
Amazon where a massive air moisture strip, known as the
South Atlantic Convergence Zone (SACZ). This commonly
brings heavy rain from the north to the east of the continent
(more than 2500 km long and 600 km wide), bringing the main
source of tropospheric moisture to the South and Southeast
Cerrado biome (Bergier et al. 2018; Colman et al. 2019).
Alterations of rainfall patterns due to climate change may lead
to changes in rainfall erosivity, that will impact the soil loss
potential. Therefore, land conversion poses threats to soil loss
at local and continental scales.

There are some limitations regarding the applicability of our
results, however. Regarding the climate change findings,
they were only based on changes in rainfall erosivity while
major changes in vegetation development (Adams et al. 2017),
root system (Calleja-Cabrera et al. 2020), phenology (Cleland
et al. 2007), biomass (Tietjen et al. 2017), and species distri-
bution (Penuelas and Boada 2003) were not accounted for. As
well, the use of simple conservation practices such as tillage
might have a major potential to mitigate up to 90% of cli-
mate change impacts (Chapman et al. 2021; Eekhout and de
Vente 2022). Due to the complexity of the variables involved,
further studies need to be carried out to conclude on how
alteration of vegetation cover and conservation practices in
combination with climate change will affect current patterns
of soil loss.
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5 | Conclusion

Climate change is expected to pose a threat to sustainable de-
velopment and soil conservation. In this paper, we forecasted a
rise in potential soil loss at the intermediate (2040-2070) and
distant future (2070-2100). During the intermediate future pe-
riod (2040-2070), both the SSP2-4.5 and SSP5-8.5 climate sce-
narios foresaw a 3.8% increase in soil loss. Shifting our gaze to
the distant future period (2070-2100), the SSP2-4.5 scenario an-
ticipated a 4.9% increase in soil loss, while the SSP5-8.5 scenario
predicted a substantial 7.6% surge in soil loss.

To estimate soil loss, factors linked to the USLE model (ero-
sivity, erodibility, and land cover) were locally computed. The
utilization of field data to calculate these factors is essential for
assessing soil erosion forecasts and generating region-specific or
ecosystem-specific data that can be integrated into soil erosion
models. Besides the limitations (yearly estimations, empirical
model, etc.), USLE is a reliable model that can be used to esti-
mate soil loss in ungauged basins and prioritize sustainable in-
vestments in high erosive areas.

Lastly, despite the increase in soil loss due to climate change,
we argue that soil conservation already deals with a major
threat that is even more serious than climate change, land cover
change. Based on local monitoring, the soil loss in agricultural
areas is 4.2 times higher than forest, highlighting the influence
that land cover plays on soil conservation since more than 53%
of the Cerrado biome has already been converted to agricultural
areas. Our results contribute to the formulation of tailored soil
and water conservation strategies for various regions of the
Cerrado biome, thereby reducing the effects of soil erosion and
promoting sustainable land-use practices.
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