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Abstract: The Peruvian Amazon faces an increasing threat of soil erosion, driven by un-
sustainable agricultural practices and accelerated deforestation. In Neshuya (Ucayali
region), agricultural activity has intensified since 2014, but the effect on soil erosion is
unknown. The present study aimed to evaluate the increase in erosion levels, at a sub-
basin of the central–eastern Amazon of Peru, in a Geographic Information System (GIS)
environment. The revised universal soil loss equation (RUSLE) model was used for as-
sessing the effect of vegetation cover change from 2016 to 2022. In the Neshuya sub-basin
(973.4 km2), the average erosion increased from 3.87 to 4.55 t ha−1 year−1, on average. In
addition, there is great spatial variability in the values. In addition, 7.65% of the study
area (74.52 km2) exceeds the soil loss tolerance limit (15 t ha−1 year−1). The deforestation
rate was 17.99 km2 year−1 and by 2022 the forested area reached 237.65 km2. In conclu-
sion, the transition from forest to farmland was related to the most critical erosion values.
Unsustainable soil management practices can be the underlying explanation of changes
in soil chemical and physical properties. Also, social dynamic changes and differences in
landscape patterns play a role.

Keywords: degraded tropical soils; Amazonian biome; remote sensing; PISCO SENAMHI;
MapBiomass Peru

1. Introduction
Soil is a non-renewable resource essential for the stability of agroecosystems [1].

Naturally, their properties change over time as part of geological processes. However,
anthropogenic activities linked to agricultural activities are causing these processes to
accelerate. This is known as soil degradation [2]. In addition, the process of removing
topsoil faster than its regeneration, is known as erosion. This can be caused by water or
wind and implies a reduction in the effective depth. One of the weather variables which
influences it the most is precipitation [3,4]. It causes detachment and horizontal transport
of particles from the soil surface. This is called water erosion.
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Particle loss from topsoil results in diminished (agro)ecosystems’ capabilities to pro-
vide goods and services for populations that inhabit them, including human groups [5,6].
Since factors which increase erosion were first studied, it is known that bare soil will
show the greatest problems. For example, Bakeley (1977) cited by Ei-Swaify [7] warned
that in tropical areas of Africa and Asia, soil loss due to erosion increased when the veg-
etation cover was reduced. Apart from that, land use change can enhance this greater
exposure to weather factors. As indicated by Sepeer (1963), cited by Ei-Swaify [7], re-
ports indicated that in Malaysia cassava (Manihot esculenta), banana (Musa sp.), pineapple
(Ananas sp.) and oil palm (Elaeis guineensis) crops were associated with serious erosion
problems. Meanwhile, in the Amazon biome of Brazil, erosion has intensified due to the
deforestation and establishment of crops [8,9]. In this same area, Alyson-Bueno [10] deter-
mined a soil erosion average value of 386,422 t ha−1 year−1 in a highly deforested basin,
while Lense et al. [8] reported values from 1.5 to 62.85 t ha−1 year−1. In the Peruvian Ama-
zon, where forests’ loss and poor soil management has also caused significant problems of
erosion [11], Lense et al. [12] calculated erosion rates of 10 t ha−1 year−1.

In this study, we focused on the Neshuya area, Ucayali region, where an average
erosion of 3.9 t ha−1 year−1 was estimated by Aybar et al. [13]. The Neshuya sub-basin is
found in the Inter-tropical Convergence Zone (ITZC) and it is affected by the interaction
of trade winds and the South American Low Level Jet (SALLJ). This creates conditions
of intense and persistent rainfall [14,15]. Also, the Andes mountain range, located in
Neshuya’s western border act as a barrier which modify winds, humidity and precipita-
tion [14]. Neshuya has been experiencing changes in its land cover since 1987 [16–18]. In
the last decade, forest cover decreased by more than 50% due to illegal logging followed by
migratory agriculture, intensive farming and oil palm plantations [19,20]. These processes
of land use change keep affecting the Neshuya sub-basin, so it is necessary to know what
effect they have on the erosion levels. Measuring soil loss directly, under field conditions, is
costly in terms of time and money, so large-scale evaluations would be unrealistic. That is
why the use of indirect measurement methods is presented as an alternative to this problem.
In this sense, the application of models fed with more accessible data would increase the
feasibility of this type of study. In this research, we will focus on one of the models which
calculates soil loss (t ha−1 year−1): the revised general soil erosion equation (RUSLE).
It will be carried out by estimating each of its parameters, for the Neshuya sub-basin,
Ucayali region.

The Universal Soil Loss Equation (USLE), developed by Wischmeier and Smith [21]
and its revised version RUSLE [22], are widely used for the calculation of sheet erosion.
Models such as RUSLE have been used in various studies in tropical areas and Amazonian
basins [8,10,23–25]. They are inexpensive and suitable for inaccessible zones where field
data are scarce [12,26]. In RUSLE, erosion is determined by the following factors: climate,
vegetation cover type, soil type, topography and human activities [4]. The effect of climate
is quantified by the erosivity of rainfall (factor R); the effect of soil type, by soil erodibility
(factor K) and slope characteristics (factor LS); the effect of cover type, by vegetation cover
(factor C) and finally, the effect of anthropogenic activity, by conservation practices (factor
P). The interaction of these factors explains the dynamics of erosion and is crucial for water
and soil conservation [7]. The R factor (erosivity) is one of the most important within the
RUSLE equation since precipitation is the driving force of erosion. This factor is directly
related to the disintegration of soil aggregates and runoff [27]. Some authors mention that
between 40% to 90% of eroded soil is due to the effect of precipitation [28–30]. In spite of
this, land use type and soil management practices play an important role in deterring the
erosive effect of rainfall [31]. The numerical value of the R factor expresses the capacity
of the rain to erode the soil [22]. It is defined as the product of the kinetic energy of the
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storm and the maximum intensity over 30 min (EI30) [32]. When the study area does
not have enough information to determine the value of EI30, alternative equations are
applied [25,33]. Data series of more than 20 years of precipitation information are suggested
for the calculation of the R factor, because long series allow for the capturing of climate
variability and extreme events. This improves the accuracy of the model and helps identify
trends [29,34]. Soil erodibility (K factor) is conceptualized as the ease with which soil
particles are detached by the effect of rainfall. Fundamentally, it represents the loss of soil
per unit of applied external force or energy [22]. Particle size distribution (sand, silt and
clay particles) is crucial because it affects infiltration and erosion resistance. On the other
hand, organic carbon (percentage of soil organic matter) influences soil cohesion, structure
and water retention [35,36]. Soils with high sand content tend to be more friable and less
structured, thus becoming more susceptible to erosion [35]. Silt influences cohesion and
structure [37]. Higher clay contents can reduce infiltration and increase runoff [38]. Loss of
soil carbon due to anthropogenic activities is one of the main causes of soil degradation in
the study region [39]. The slope length factor (L) is the distance from where the overland
flow originates, to a point of concentration, or a point where the slope gradient decreases
and deposition begins. The slope steepness factor (S) defines the influence of the slope
gradient on erosion [22]. Both of these two factors are considered to work in combination.
The slope length factor (L) is dimensionless, and is defined as the quotient between the
annual erosion rate of a plot with a given slope length and the erosion rate of that plot with
a standard slope length of 22.13 m [21]. The physiography of the Neshuya sub-basin is hilly
and inclined to the east. It has undulating terraces to the west, which become flatter towards
the north [40]. The parameter C represents the effects of land cover type [33]. It is defined
as a dimensionless number between zero and one, representing the ratio of soil loss from
land, under certain vegetation cover conditions to soil loss in bare soil [21,41]. The C factor
is very sensitive to changes in soil cover and rainfall dynamics [42]. Vegetation cover is the
protection and cushioning element against the erosive force of rain, decreasing the force
of the impact of raindrops and surface runoff (Dourojeanni (1967) cited by Fournier [43];
González del Tánago (1991) cited by Aybar et al.) [13]. The conservation practices factor (P)
reflects the effect of supporting practices in reducing the amount and speed of water runoff
in order to decrease erosion [21]. These authors established that, when no measures are
taken to prevent soil loss, like tillage towards the slope gradient, a value of 1 is assigned.
The most common support practices are terrace cultivation, strip cultivation and contour
cultivation. In the study area, land use practices have been inadequate related to slash-
and-burn agriculture, expansion of monocultures and inadequate forest management [39].
Owing to the fact that there is no specific information on the effect of land use changes in
the Neshuya sub-basin, Ucayali, the objective of this study was to determine the increase
in erosion levels and their spatial distribution, as a consequence of the decrease in natural
forest cover and the increase in agricultural area.

We hypothesized that, in the Neshuya sub-basin, water erosion calculated with the
RUSLE model increased considerably in 2022, compared to the 2016 base scenario. This is
due to the loss of forest cover (ha) and the change in land use oriented towards agricultural
activities (ha). The introduction of various cultivated species caused an alteration in the
exposure of the soil to precipitation (mm), which modified its properties (physical and
chemical) and consequently, contributed to the increase in erosion levels (t ha−1 year−1).
This research applies the RUSLE hydrological model to determine erosion in a Geographic
Information System (GIS) environment, and the factors that determine the model were
obtained from properly handled satellite information and soil sampling, for the years 2016
and 2022 in the Neshuya sub-basin, Ucayali region, Peru.



Geosciences 2025, 15, 15 4 of 30

2. Materials and Methods
2.1. Area of Study

The research was carried out in the Neshuya River sub-basin located in the district
with the same name, within the province of Padre Abad, west of the Ucayali region, Peru.
Neshuya River has an extension of 68.9 km and it is a second-order tributary of the Ucayali
river. It first joined the Aguaytia river, located in the middle part of the Aguaytia basin.
Subsequently, it joins the Ucayali river, contributing with 400 million tons of sediments
per year, to the Amazon river [44–46]. The Neshuya sub-basin has an area of 973.4 km2 of
(8◦23′20.42′′ to 8◦52′23.63′′ S and 74◦51′28.91′′ to 75◦10′7.29′′ W) (Figure 1). The land use
types include the following: 55% forest, 25% agriculture, 14% secondary forest and 6% oil
palm [18]. The climate in the study area has an annual precipitation of 1800 mm year−1,
with a dry season between the months of May and October. The wet season takes place
between the months of November and April [47]. The area has a maximum temperature of
30.9 ◦C, minimum temperature of 19.6 ◦C, average relative humidity of 77% and annual
evapotranspiration of 1200 mm [48]. According to the WRB-FAO soil classification, in the
study area, the majority of soils belong to the Acrisols and Cambisols categories. To a lesser
extent Ferrasols, Fluvisols and Nitisols are also found [49]. The physiography is mainly
made up of moderately inclined and steeply inclined slopes.

 

Figure 1. Location of the study area, showing the variability in elevation (m.a.s.l.). Images produced with 
QGIS software, Version 3.34.6-Prizren http://www.qgis.org/  [51] and the SAGA-GIS plugin http://saga-gis.org/  
[52]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Location of the study area, showing the variability in elevation (m.a.s.l.). Images produced
with QGIS software, Version 3.34.6-Prizren http://www.qgis.org/ [50,51] and the SAGA-GIS plugin
http://saga-gis.org/ [51].
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2.2. Soil Loss Calculation

To determine water erosion, the RUSLE model was applied [22], which is expressed in
the following Equation (1):

A = R × K × L × S × C × P (1)

where
A: Soil loss (t ha−1 year−1)
R: Rainfall erosivity factor (MJ mm ha−1 h−1 year−1)
K: Soil erodibility factor (t ha h MJ−1 mm−1)
L: Slope length factor (dimensionless)
S: Slope factor (dimensionless)
C: Land cover factor (dimensionless)
P: Conservation practices factor (dimensionless)

2.3. Calculation of RUSLE’s Factors
2.3.1. Erosivity Factor (R)

In first place, actual observed precipitation data were obtained from the SENAMHI
climate database (Supplementary Materials—S1), for the period 1981–2016 from the fol-
lowing meteorological stations: El Maronal (−8.450000◦ S; −75.096806◦ W), Las Palmeras
de Ucayali (−8.582500◦ S; −74.866100◦ W), San Alejandro (−8.834444◦ S; −75.216392◦ W)
and Tournavista (−8.927494◦ S; −74.708817◦ W). Due to the fact that there were gaps
in the data of those stations and they were spatially insufficient, historical precipitation
records were obtained from PISCO (Peruvian Interpolated data of the SENAMHI’s Clima-
tological and Hydrological Observation) [52]. The downloaded database can be found in
Supplementary Materials—S2. The PISCO spatial resolution is 0.1◦ × 0.1◦. This is equiv-
alent to 10 km × 10 km. This resolution mixes weather data from the meteorological
stations, satellite data from Climate Hazards Group Infared Precipitation (CHIRP) and
radar data [13,52]. PISCO data were generated using the “Residual Ordinary Kriging”
(ROK) method. It involves the creation and adjustment of a semivariogram which models
the residuals’ spatial variability. This technique is suitable for detailed estimations of
precipitation and hydrological modelling [52]. According to the criteria of Aybar et al. [52],
for our study area, PISCO data are a good representation of the original data. Moreover,
Aybar et al. [13], highlights an acceptable correlation coefficient value of 0.75, for this area.

After that, the accuracy of interpolated data at local level was assessed by comparing
PISCO data and SENAMHI weather stations’ data. The indicators were the following:
number of data points for the same period, historical series, calculating a correlation
coefficient (r), a determination coefficient (r2) and the root mean square error (RMSE) [25,53].
The statistical analysis can be found in Supplementary Materials—S3.

The areas without precipitation information were completed with PISCO data; there-
fore, 42 fictitious stations were generated, obtaining precipitation information for the entire
study area for the period 1981 to 2019. At each station, the average monthly and annual pre-
cipitation for 38 years were calculated. With these data, the Fournier Index was calculated
to characterize the aggressiveness of the rain. Formula (2) was used for each generated
station, according to the methodology of Arnoldus [32]. This is suitable for places where it
is difficult to find data [27].

IFM =
12

∑
i=1

Pi2

P
(2)

IFM: Modified Fournier Index
Pi: Monthly precipitation in mm
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P: Annual precipitation in mm
After making sure that the value was good enough to interpolate precipitation data

from PISCO [54,55] in the QGIS software, the “SAGA Next Gen” plugin was used as well
as the “Ordinary Kriging” tool to create isohyets for the average monthly precipitation and
the annual average. Subsequently, using the QGIS raster calculator, the equation proposed
by Wischmeier and Smith [21] and revised by Arnoldus [32] was used to calculate the R
factor (Equation (3)), for each pixel, for each year of the study.

R =
12

∑
i=1

1.735 × 10(1.5log10 (
Pi2
P )−0.08188) (3)

where
R: Erosivity factor (MJ mm ha−1 h−1 year−1),
Pi: Monthly precipitation in mm
P: Annual precipitation in mm

2.3.2. Erodibility Factor (K)

The database of INIA laboratory of water, soil and foliar analyses (LABSAF), located
at the Campo Verde experimental station (EEA-Pucallpa), was used to identify 74 soil
samples, collected in the study area and its surroundings. These samples were processed
between 2023 and 2024. Thirty one points were allocated within the Neshuya sub-basin
and 43 points in its surroundings. The physical and chemical parameters can be found in
Supplementary Materials—S4. With these data, a descriptive analysis was performed to
evaluate the level of homogeneity in the soil samples. After that, for each of the samples, the
value of the K factor was calculated by applying Equations (4)–(8) proposed by [56], since
the texture and organic matter content are directly related to susceptibility to erosion [21].
The results of the calculations can be found in Supplementary Materials—S5.

KRUSLE = 0.1317 × fsand × fcl−si × forg × fhisand (4)

where
K: Soil erodibility factor (t ha h MJ−1 mm−1)
f sand: Sand and silt factor
f cl-si: Silt and clay factor
f org: Soil organic carbon factor
f hisand: Sand factor

fsand =
(

0.2 + 0.3 × exp
[
−0.256 × ms ×

(
1 − msilt

100

)])
(5)

where
fsand: Sand factor
ms: Percentage of sand registered by the laboratory in the topsoil layer
msilt: Percentage of silt registered by the laboratory in the topsoil layer

f(cl−si) =

(
msilt

mc − msilt

)0.3
(6)

where
fcl-si: Silt and clay factor
msilt: Percentage of silt registered by the laboratory in the topsoil layer
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mc: Percentage of clay registered by the laboratory in the topsoil layer

forg =

(
1 − 0.25 × orgC

orgC − exp[3.72 − 2.94 × orgC]

)
(7)

where
forg: Soil organic carbon factor
orgC: Soil organic carbon % registered by the laboratory in the topsoil layer

fhisand =

(
1 −

0.7 ×
(
1 − ms

100
)(

1 − ms
100
)
+ exp

[
5.51 + 22.99 × 0.7 ×

(
1 − ms

100
)]) (8)

where
fhisand: Sand fraction
ms: Percentage of sand recorded by the laboratory in the topsoil layer
The values obtained for the K factor were compared with other values in the literature

to confirm their validity. The spatial dependence of the K factor was then evaluated in
order to perform spatial interpolation according to the method of Lima et al. [35]. For
this, an experimental semivariogram of the parameters studied and the K value used was
assembled, as recommended by Ahaneku et al. [57], Denton et al. [58,59] and Lima et al. [35].
This can be found in Supplementary Materials—S6. The main parameters evaluated were
Nugget (Co), Sill (Co + C) and Range (A). The criterion for classifying spatial dependence
(SDE) was the relationship between Nugget and Sill (Co/Co + C). This indicates the degree
of correlation between the sample points. If SDE < 25%, the variables have strong spatial
dependence; if it is between 25% and 75%, it is moderate; if it is between 75% and 100%,
it is weak; finally, if the relationship is greater than 100%, it indicates that the variables
have no spatial correlation [35,57]. Based on the statistical and geostatistical analysis, the
“Inverse distance weighting” (IDW) method was used to calculate each soil property, for
each pixel, in each year of study. Finally, the K factor was calculated in the raster calculator
of the QGIS software, applying Equations (4)–(8).

2.3.3. Topographic Factor (LS)

The calculation of the L and S factors required a Digital Elevation Model (DEM).
This was obtained from the ALOS-PALSAR satellite with a resolution of 12.5 m × 12.5 m,
downloaded from the free data platform “ASF Data Search” of [59]. The HEC-HMS
program, version 4.1 [60] was used to perform the “fill” correction of the DEM and eliminate
imperfections (depressions and sinkholes). The procedures for calculating the L and S
factors for each pixel were carried out in the QGIS software. To calculate the L factor,
Equations (9)–(11), proposed by Desment et al. [61], were used. Equation (9) allows for
the slope angle to be obtained in sexagesimal degrees. This was applied using the raster
calculator of the QGIS software.

β =
sinθ

0.0896

3(sinθ) 0.8 + 0.56
(9)

where
β: Pixel level slope
θ: Slope angle in sexagesimal degrees
Equation (10) was then applied to obtain the “m” value. Finally, to obtain the L factor

values, Equation (11) was used; however, the “A” value had to be previously calculated,
which represents the accumulated flow. For this, the “SAGA Next Gen” plugin and the
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“Catchment area” tool (flow tracing) were used in the corrected DEM. The value of “D”
corresponds to the pixel size of the DEM (12 m × 12 m).

m =
β

(1 + β)
(10)

where
m: Dimensionless factor
β: Pixel level slope

L(i,j) =
(A(i,j)+D2)

m+1 + A
(i,j)m+1

Dm+2 × (22.13)m (11)

where
L: Slope length factor (dimensionless)
A: Accumulated flow
m: Dimensionless factor of Equation (10)
D: Pixel size
For the S factor, Equations (12) and (13) of McCool et al. (1997) cited in Renard et al. [22]

were used. This was calculated for each pixel.

S = 10.8 ∗ sin θ + 0.03, Si : S < 9% (12)

S = 16.8 ∗ sinθ − 0.5, Si : S ≥ 9% (13)

where
S: Slope inclination
θ: Slope angle in sexagesimal degrees

2.3.4. Plant Cover Factor (C)

Data of land cover were obtained from the MapBiomas Peru Collection 2.0 [62]. This
group of data used annual mosaics from Landsat 4 to 9 series (1985 to 2022). It com-
bines multiple observations for each pixel, which helps to reduce interference. Image
classification is based on the Random Forest method, and the algorithms are available at
MapBiomas Peru GitHub [62]. The precision assessment included field validation, sam-
pling of 71,500 pixels and metrics like the mapping precision, pixel assignation mismatch
and area. Data of land cover were downloaded from Google Earth Engine (GEE), using an
open code given by MapBiomas Peru [62], for the years 2016 and 2022. Data were obtained
in raster format, and were imported to QGIS software. Then, the data were transformed
into vector format. Use categories were assigned according to the “General legend of
land use and cover in the Collection 2.0” [62]. After that, the Factor C value was assigned
according to a literature review performed in research works which took place at similar
latitudes, at tropical humid locations. Information came from the following studies: West
Africa [7], Malaysia [63–65], Indonesia [66–68] and Brazil [10,41,42,69]. In the latter country,
studies on the C factor based on permanent field plots are scarce and only performed
during short periods of time. Research that gives C values by specific crop type was also
reviewed [7,70]. Chosen values considered the frequency of repetition by cover type. In
the case of agricultural mosaic, it groups crops such as cassava, maize, banana, papaya
and cocoa; therefore, the average value was taken. They can be found in the Section 3 of
this factor.
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2.3.5. Conservation Practices Factor (P)

The value of the P factor was estimated in the following way. Visits were made to
specific points of the sub-basin to evaluate the soil conservation practices applied by the
farmers. It was not possible to specifically evaluate each plot since it is economically
unviable. The paved roads’ data were obtained from the spatial data website of the
“Ministry of Transport and Communications of Peru-MTC” [71], then the information was
visualized in the QGIS software to validate the presence of them.

Then, values were assigned based on the conservation practice applied to each type
of soil cover. In forest areas, no activities are carried out on the soil; therefore, a value of 1
is considered [72]. In agricultural areas, conservation practices were assessed and if these
were not applied, a value of 1 was considered; otherwise, lower values were assigned. In the
case of pastures, since they are not cultivated, but rather grow naturally after the farmland
is abandoned, a value of 1 was assigned. The number of paved roads was evaluated
and assessed based on the percentage of representativeness with respect to the sub-basin
under study. Bare soil was assigned a value of 1 since it does not present any type of
conservation practice.

2.4. Calculation of Erosion and Classification by Levels and Type of Coverage

After determining the factors “R”, “K”, “LS” and “C”, the rasters of each factor were
scaled to pixels of 12.5 m × 12.5 m in the QGIS raster calculator. This was because the “LS”
factor had the smallest pixel size, so in that way, consistency was achieved. Afterwards,
Equation (1) was applied and erosion was calculated for each pixel for the years 2016
and 2022. Considering that the study area is located in a humid tropical zone, a soil
loss tolerance limit of 15 t ha−1 year−1 was established, according to studies carried out
by Mannigel et al. [73] and Nunes et al. [38]. Erosion was then classified into erosion
levels based on studies carried out in the Brazilian Amazon [8,12]. Finally, considering
the vegetation cover type, the area of each erosion level was calculated for palm, pasture,
agricultural mosaic, bare soil (including roads, cities and bare soil) and forest (including
flooded and non-flooded forest) for the years 2016 and 2022. Also, the deforested area in
the study period and the areas that exceed the soil loss tolerance limit of 15 t ha−1 year−1

were calculated.

3. Results
3.1. R Factor

The significance of the correlation coefficients (p-value) is below 0.05, indicating that
all correlations are statistically significant at a confidence level of 95%. The correlation
coefficients of the stations “El Maronal, San Alejandro and Tournavista” are very high
(r > 0.95) (Table 1). This implies the existence of a strong linear relationship between the
observed data and those of PISCO. The root mean square error (RMSE) is higher in “Las
Palmeras de Ucayali”; however, the quality of the correlation is adequate (Table 1). More
details of the statistical procedure, correlation graphs, historical series and error distribution
can be found in Supplementary Materials—S7.

The monthly and annual precipitation data generated for the 42 fictitious stations,
from 1981 to 2019, can be found in Supplementary Materials—S8. The IFM calculations
for each of the 42 fictitious stations can be found in Supplementary Materials—S9. The
descriptive statistical summary indicated that all the calculated IFM data exceeded the
value of 140 for the study area, standard deviation of 33.6 and coefficient of variability of
17% for the study area. According to Lobo et al. [74], the study area is classified as a zone
with high and very high erosive potential (Table 2).
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Table 1. Monthly precipitation correlation statistics between weather stations and PISCO SENAMHI.

Weather Station
Correlation
Coefficient

(r)

Type of
Correlation RMSE

Number of
Observations

(Months)

Correlation
Coefficient

Significance
(p_Value)

‘El Maronal’ 0.963 very high 31.88 283 1.8954 × 10−160 < 0.05
Las Palmeras de Ucayali 0.766 high 75.58 249 2.3767 × 10−51 < 0.05

San Alejandro 0.959 very high 33.824 240 3.3720 × 10−132 < 0.05
Tournavista 0.964 very high 33.646 276 4.7058 × 10−158 < 0.05

Note: Details of the statistical analyses can be found in Supplementary Materials—S7.

Table 2. Modified Fournier Index (IFM) classification, adapted to Latin America.

IFM Classification

0–60 very low
60–90 low

90–120 moderate
120–160 high

>160 very high
Source: [74].

The results of the correlation analysis between the IFM and the R factor then indicated a
high coefficient of determination, r2 = 0.97 (Figure 2). In this way, we concluded that R factor
obtained from Equation (3) is a good estimator of the erosivity within the assessed area.

 

 
Figure 2. Correlation of the R factor and the Modified Fournier Index (MFI ) 
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Figure 2. Correlation of the R factor and the Modified Fournier Index (MFI).

The result of the R Factor analysis in the Neshuya sub-basin reveals an average value
of 1512.34 MJ mm ha−1 h−1 year−1 and a standard deviation of 279.03, demonstrating
that the erosive potential is moderate to high (Supplementary Materials—S10). The results
of precipitation and R Factor, for each pixel of the study area, can be seen in Figure 3.
It shows the great spatial variability and also that the highest values were greater than
2000 MJ mm ha−1 h−1 year−1. They were found at the southeast of the Neshuya sub-basin
because this area had the highest accumulated annual precipitation. Downstream of the
study area, the specific values varied from 1100 to 1300 MJ mm ha−1 h−1 year−1.
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Figure 3: Spatial distribution of the average annual accumulated precipitation, analyzed for the period 1981 
to 2019 (left) and the calculated values of the R factor (right), of the Neshuya sub-basin, Ucayali region. 
Images produced with QGIS software, Version 3.34.6-Prizren http://www.qgis.org/  [51];   and Ordinary 
kriging algorithm performed with SAGA-GIS plugin http://saga-gis.org/  [52]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Spatial distribution of the average annual accumulated precipitation, analyzed for the period
from 1981 to 2019 (left) and the calculated values of the R factor (right), of the Neshuya sub-basin,
Ucayali region. Images produced with QGIS software, Version 3.34.6-Prizren http://www.qgis.org/ [50];
and Ordinary kriging algorithm performed with SAGA-GIS plugin http://saga-gis.org/ [51].

3.2. K Factor

Soil characterization results indicate that particle size distribution takes wide values.
Sand varies from 11.12% to 84.29% and clay varies from 7.10% to 60.38%. In addition, sand
was found in greater proportion than clay in most of the samples, while the proportion of
silt (7.14 to 52.37%) showed the lowest coefficient of variation among the four particle sizes.
Organic matter is low in most of the samples (2.1%) and presents the highest coefficient of
variation (60%) finding values from 0.13% to 7.8%. Out of the 74 samples, it was found that
loamy textures predominate in the study area (Table 3).

Table 3. Descriptive statistics of the 74 soil samples * and correlation coefficient with K factor value.

Fraction Average
(%)

Min.
(%)

Max.
(%)

Standard
Deviation CV (%) K Correlation

Coef.

Sand (%) 43.41 11.12 84.29 13.28 31 0.03
Silt (%) 29.75 7.14 52.37 8.46 28 0.46

Clay (%) 26.84 7.1 60.38 10.28 38 −0.42
MO (%) 2.1 0.13 7.8 1.26 60 −0.70

* Number of samples associated with each textural class: clay (6), sandy clay (2), silty clay (2), loamy sand (1),
loam (16), sandy clay loam (14), clay loam (20), sandy loam (12), silty loam (1).
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The results of the calculation of the K factor for each of the 74 samples can be found in
Supplementary Materials—S5. The values range from 0.0122 to 0.0239 t ha h MJ−1 mm−1.
Table 4 shows the results of the bibliographic review of erodibility in tropical soils such
as Cambisols and Argisols, which are the ones that dominate the study area. However,
they are not strictly equal since there are differences in the mineralogical composition and
soil aggregates, among others. The values presented correspond to field work (Table 3),
while bibliographic data allow us to validate the applied methodology (Table 4). The values
found in our work fit with the values found by the cited authors (Table 4)

Table 4. Soil erodibility.

Textural Class K Factor t ha h MJ−1

mm−1 Bibliographic Source

Loamy sand 0.008 Angulo [75]
Sandy loam 0.034 Tovara et al. 1985 cited by Silva et al. [37]

Sandy clay loam 0.007; 0.026 Angulo [75]; Martins et al. [76]
Sandy clay 0.0004; 0.0115; 0.034 Angulo [75]; Silva et al. [37]

Clay 0.002; 0.0045; 0.025 Marques et al. [77]; Mondargo 1978 cited
by [37]; Silva et al. [37]

The results of the spatial dependence analysis of the K factor indicated the following.
The Nugget (Co) represents the variability at very short scales. High values of sand, silt
and clay indicate a considerable variability at very small scales or inconsistency in the
measurement (Table 5). The Sill values (Co + C) show a low increase indicating a weak
spatial structure. The OM and the K factor suggest low spatial variance (Table 5). The
Range (A) range indicates the correlation at long distances. The values found are high,
suggesting that at large distances, there are correlations (Table 5). The RMSE (root mean
square error) of sand, silt and clay indicate that the proposed models fit poorly, except for
OM which shows a better fit (Table 5). The low R2 values indicate that the models do not
explain the variance of the parameters. The SDE for sand and silt show that there is no
spatial correlation. For clay and OM, it is not significant. which indicates that there is little
or no spatial relationship [58,78] (Table 5).

Table 5. Parameters of the semivariograms for the variables sand, silt, clay, OM and K factor.

Parameter Model Nugget
Co

Sill
Co + C A (Range) RMSE R2 SDE (%)

Co/Co + C

Sand Sph 209.84 164.347 13,931.168 4,976,180.515 0.007 128%
Silt Gau 93.624 70.28 5742.932 1,021,137.486 0.005 133%

Clay Linear 87.686 100.751 18,610.93 2,752,316.58 0.008 87%
OM Sph 1.224 1.645 10,102.697 923.055 0.002 74%

K Factor Gau 0 0 0 0 −0.038 ---

Although the geostatistical analysis showed a very low correlation between the sam-
pling points, a map was constructed with the interpolated results of the K factor applying
the IDW method (Figure 4).
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Figure 4. Spatial distribution of sampling points and soil types obtained from SoilGrids (version 2.0 
https://soilgrids.org/)  [50](left) and calculated values of the K factor (right), for the Neshuya sub-basin, Ucayali 
region. Images produced with QGIS software (version 3.34.6-Prizren http://www.qgis.org/) [51]; and QGIS 
IDW algorithm. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Spatial distribution of sampling points and soil types obtained from SoilGrids (version
2.0 https://soilgrids.org/) [49] (left) and calculated values of the K factor (right), for the Neshuya
sub-basin, Ucayali region. Images produced with QGIS software (version 3.34.6-Prizren http://www.
qgis.org/) [50]; and QGIS IDW algorithm.

3.3. LS Factor

The results of the LS factor indicate that, in the Neshuya sub-basin, the topography is
steeper towards the west and flatter towards the northeast. It can be seen that the relief
is hilly with slopes from 3% to 14% (Figure 5). This indicates soils that are more prone
to erosion when uncovered. Areas with values from 2 to 4 for this factor, which are not
grouped together as in the western area, were also observed (Figure 5). Their presence
indicates soils that are prone to erosion when uncovered too (Table 6).

Table 6. Range of LS factor values in each slope range.

Slope (%) LS Factor

0–3.3 0–0.5
3.3–6.5 0.5–1
6.5–9 1–1.5
9–11 1.5–2
11–14 2–2.5
14–21 2.5–4
21–35 4–6.25



Geosciences 2025, 15, 15 14 of 30

 
Figure 5. Spatial distribution of the slope (left) and LS factor (right) values found for the Neshuya sub-basin, 
Ucayali region. Images produced with QGIS software (version 3.34.6-Prizren http://www.qgis.org/)  [51]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Spatial distribution of the slope (left) and LS factor (right) values found for the Neshuya
sub-basin, Ucayali region. Images produced with QGIS software (version 3.34.6-Prizren http://www.
qgis.org/) [50].

3.4. Factor C and Change of Coverage

The results of the literature review of factor C can be found in Table 7.

Table 7. Soil cover factor C.

Ground Cover Factor C Bibliographic Source

Forest 0.001
Alyson Bueno [10]; ICC et al. [70]; Kamaludin et al. [64]; Naharuddin

[67,68]; Oliveira et al. [41]; Putra et al. [79]; Rosee (1997) cited by
Ei-Swaify [7].

Flooded forest 0.001 Kamaludin et al. [64]; Rosee (1997) cited by Ei-Swaify [7];

Oil Palm 0.3 Kamaludin et al. [64]; Ramadhan et al. [66]; Rosee (1997) cited by
Ei-Swaify [7]

Pasture 0.1 Almagro et al. [42]; Alyson Bueno [10]; ICC et al. [70]; Naharuddin [67,68];
Rosee (1997) cited by Ei-Swaify [7].

Agricultural mosaic 0.4 Rosee (1997) cited by Ei-Swaify [7]; DID [65]; Martins et al. [24];
Naharuddin [67,68];

Bare ground 1 Almagro et al. [42]; Kamaludin et al. [64]; Naharuddin [67,68]; Rose (1997)
cited by Ei-Swaify [7]

Roads and cities 1 Almagro et al. [42]; Ramadhan et al. [66]; Rose (1997) cited by
Ei-Swaify [7]; Kamaludin et al. [64]; Naharuddin [67,68]

The land cover type data had an overall mapping accuracy of 87.4% (quite high),
an assigned discordance value of 2.5% indicating few pixel assignment errors, an area
discordance of 10% which is acceptable for the Amazon and a confidence level of 95% [62].
Therefore, they are suitable for coverage analysis in the Amazon region [80,81].
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Eight types of land use categories were found (Figure 6): forest and flooding forest with
multi-layered vertical structure, that offer great protection to the soil; agricultural mosaic,
which groups traditional crops of the study area; oil palm (Elaeis guineensis) which is an
industrial introduced crop; and pasture, which groups several species that grow naturally
after the abandonment of cultivated areas. Also, bare soil is considered an area which does
not show vegetation or other type of protection for most of the year. Finally, roads and
cities are anthropic areas where people settle periodically or permanently according to their
agricultural activities. Due to the socioeconomic characteristics of the study area, they are
mainly bare soil.

 

Figure 6. Spatial distribution of values found for the C factor for the years 2016 (left) and 2022 (right), 
indicating the land use type, in the Neshuya sub-basin, Ucayali region. Images produced with QGIS 
software (version 3.34.6-Prizren http://www.qgis.org/)  [51]based on data Proyecto MapBiomas Perú (2023) 
available at https://peru.mapbiomas.org/herramientas/ . 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6. Spatial distribution of values found for the C factor for the years 2016 (left) and 2022 (right),
indicating the land use type, in the Neshuya sub-basin, Ucayali region. Images produced with QGIS
software (version 3.34.6-Prizren http://www.qgis.org/) [50] based on data Proyecto MapBiomas
Peru (2023) available at https://peru.mapbiomas.org/herramientas/ (accessed on 1 January 2024)).

It was found that deforestation, defined as the change of forest (both non flooded
and flooded) to another land use type except water, was 107.96 km2. This represents
a loss rate of 17.99 km2 year−1 and corresponds to the cover that showed the greatest
change. In addition, the agricultural mosaic category decreased by 25.43 km2. On the other
hand, the main covers which increased were oil palm (64.69 km2) and pasture (55.09 km2).
Furthermore, the agricultural mosaic which in 2022 occupied 96.19 km2, used to be forest in
2016. Also, oil palm occupied 56.72 km2 in 2022 which used to belong to agricultural mosaic
category in 2016. In general, 27.4% of the sub-basin area changed the type of coverage in
2022 compared to 2016 (Table 8).



Geosciences 2025, 15, 15 16 of 30

Table 8. Area by land use type in 2016 and 2022.

Type of Coverage 2016
Area (km2)

2022
Area (km2)

Variation
Area (km2)

Forest 340.41 237.65 −102.76
Flooded forest 11.23 6.03 −5.2

Pasture 23.62 78.71 +55.09
Agricultural mosaic 447.78 422.35 −25.43

Roads and Cities 4.68 6.49 +1.81
Bare ground 0.31 11.69 +11.38

Water 1.34 1.75 +0.41
Palm 143.65 208.34 +64.69

Total area 972.99 972.99 266.36 *
* Sum of absolute values for all the variation in areas.

3.5. P Factor

It was observed that soil conservation practices are not put into practice in the Neshuya
sub-basin. Figure 7 shows that agricultural crops are established in previously deforested
areas. These crops do not have any type of design to avoid soil loss due to rainfall. No
agroforestry practices were observed either. On the other hand, pastures grow after the soil
becomes unproductive and is abandoned. No type of pasture management or practice is
carried out, and overgrazing was observed in some areas, which further degrades the soil.
In the case of intensive crops such as oil palm, soil vegetation is continually removed to
avoid competition for nutrients, leaving the soil almost bare.

 

Figure 7. Typical landscape and land use of the Neshuya sub-basin, showing that conservation practices are 
not applied to the different types of vegetation cover. (A) Deforested area for the establishment of shifting 
agriculture, with cocoa (Theobroma cacao) crops in the direction of the slope, without soil conservation 
practices or agroforestry systems; behind the cocoa crops, intact tropical forest is observed. (B) Pasture that 
emerges naturally on abandoned land by agriculture due to low fertility. No conservation practices are used 
as it is not economically viable. (C) Oil palm plantations (Elaeis guineensis) show little protection offered by 
the palm leaves. Soil vegetation is continually removed mechanically or with herbicides to reduce 
competition for nutrients, leaving the soil with very little protection. (D) Soil left uncovered for long periods 
of time in areas where the vegetation cover was removed to carry out various activities such as establishing 
temporary camps, new crops or is abandoned due to its low fertility 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7. Typical landscape and land use of the Neshuya sub-basin, showing that conservation
practices are not applied to the different types of vegetation cover. (A) Deforested area for the
establishment of shifting agriculture, with cocoa (Theobroma cacao) crops in the direction of the slope,
without soil conservation practices or agroforestry systems; behind the cocoa crops, intact tropical
forest is observed. (B) Pasture that emerges naturally on abandoned land by agriculture due to low
fertility. No conservation practices are used as it is not economically viable. (C) Oil palm plantations
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(Elaeis guineensis) show little protection offered by the palm leaves. Soil vegetation is continually
removed mechanically or with herbicides to reduce competition for nutrients, leaving the soil with
very little protection. (D) Soil left uncovered for long periods of time in areas where the vegetation
cover was removed to carry out various activities such as establishing temporary camps, new crops
or is abandoned due to its low fertility.

Regarding the roads, it was calculated that there are 0.435 km2 of paved roads in the
Neshuya sub-basin, which represents 0.04% of the study area. Figure 8 shows that only the
main road is paved; the secondary roads in the city lack this protection and are completely
uncovered, leaving the soil exposed.

 

Figure 8. Roads, highways and cities in the Neshuya sub-basin. (A) Unpaved roads used for local transport. 
(B) Typical city of the Neshuya sub-basin. Arrow indicates the “Federico Basadre” national highway which 
is paved. The rest of the roads and highways are not paved. (C) Close-up view of the “Federico Basadre” 
national highway on the left side and unpaved roads on the right side. (D) Close-up view of the city, 
showing unpaved roads. (E) Map of the “Federico Basadre” national highway (white lines) and local roads 
(red line), obtained from the spatial data website of the “Ministry of Transport and Communications of Peru-
MTC” (https://portal.mtc.gob.pe/estadisticas/descarga.html) (accessed on 1 November 2024) and prepared 
in the QGIS software. Images (A–D) were obtained from Google Earth Pro version 7.3 software. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8. Roads, highways and cities in the Neshuya sub-basin. (A) Unpaved roads used for local
transport. (B) Typical city of the Neshuya sub-basin. Arrow indicates the “Federico Basadre” national
highway which is paved. The rest of the roads and highways are not paved. (C) Close-up view of the
“Federico Basadre” national highway on the left side and unpaved roads on the right side. (D) Close-
up view of the city, showing unpaved roads. (E) Map of the “Federico Basadre” national highway
(white lines) and local roads (red line), obtained from the spatial data website of the “Ministry of
Transport and Communications of Peru-MTC” (https://portal.mtc.gob.pe/estadisticas/descarga.
html) (accessed on 1 November 2024) and prepared in the QGIS software. Images (A–D) were
obtained from Google Earth Pro version 7.3 software.

As a result of the visual interpretation of soil conservation activities, a value of 1 was
considered suitable for the whole sub-basin, since no conservation practices were observed.
Also, roads were not paved in the majority of the cases during the 2016 and 2022 period.

3.6. Erosion

The average erosion in 2016 was calculated to be 3.87 t ha−1 year−1 with a standard
deviation of 6.47, while in 2022, it was 4.55 t ha−1 year−1 with a standard deviation of 6.96
(Figure 9). The spatial distribution of each level shows a tendency to “high” and “very
high” levels towards the western sector of the sub-basin.

Areas belonging to each erosion level increased in 2022 compared to 2016 (close-ups
of Figure 9). It is also observed that areas with “high” and “very high” erosion levels
increased more in the west and southwest sectors. On the other hand, areas with erosion
levels classified as “very low”, decreased from 579.83 km2 in 2016 to 530.05 km2 in 2022,
while other areas classified with erosion levels from “low” to “very high”, increased. This
indicates that by 2022, 49.78 km2 of surface area increased its risk of suffering erosion
compared to 2016. The areas of “low” erosion increased by 18.8 km2; those of “slightly
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moderate” erosion, by 9.75 km2; those with “moderate” erosion, in 6.79 km2; those with
“high” erosion, in 6.94 km 2 and those with “very high” erosion, in 7.50 km2 (Table 9).

 

Figure 9. Spatial distribution of the soil erosion in t ha-1 year-1 in 2016 (“a)” top left ) and 2022 (“b) 
top right). Estimated erosion in 2016 (“c)” lower left) and 2022 (“d” lower right) in the Neshuya River sub-
basin based on RUSLE. Average erosion 3.87 t ha-1 year-1, standard deviation 6.47 (2016) Average erosion 
4.5 t ha-1 year-1, standard deviation 7.04 (2022). Images produced with QGIS software (version 3.34.6-Prizren 
http://www.qgis.org/) [51]. 

 

 

 

Figure 9. Spatial distribution of the soil erosion in t ha−1 year−1 in 2016 (A) and 2022 (B). Estimated
erosion in 2016 (C) and 2022 (D) in the Neshuya River sub-basin based on RUSLE. Average erosion
3.87 t ha−1 year−1, standard deviation 6.47 (2016). Average erosion 4.5 t ha−1 year−1, standard
deviation 7.04 (2022). Images produced with QGIS software (version 3.34.6-Prizren http://www.qgis.
org/) [50].
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Table 9. Area of erosion levels in 2016 and 2022 and their change.

Erosion
Category

Soil Loss in
t ha−1

Year−1

2016 Area
(km2)

2022 Area
(km2)

Change
Areas (km2) Rate (%)

Very low 0–2.5 579.83 530.05 −49.78 −5.12%
Low 2.5–5 117.37 136.17 18.80 1.93%

Moderately
high 5–10 155.73 165.48 9.75 1.00%

Moderate 10–15 59.96 66.75 6.79 0.70%
High 15–25 43.07 50.01 6.94 0.71%

Very high 25–225 17.02 24.51 7.50 0.77%

The special distribution of erosion (Figure 9A,B) shows that the highest values of
erosion are found in the western region of the sub-basin and the values for 2022 exceed
those of 2016 by approximately 20%. It is observed that in 2022, the red areas seem to
expand, indicating an increase in the severity of erosion compared to 2016; in parallel,
the green areas were slightly reduced, indicating that erosion is affecting even the most
stable areas.

If we analyze how the erosion levels have varied for each type of vegetation cover
(Figure 10, Supplementary Materials—S11), we see that the forest type category that groups
both types (non-flooded and flooded forest) shows a notable decrease in the “very low”
erosion level. This went from having 345.74 km2 to 238.24 km2. That is, 105.5 km2 increased
their erosion levels in a period of 6 years. The “low” and “slightly moderate” erosion
levels also showed a reduction, but only 1.3 km2 (Figure 10). On the other hand, the
“high” and “very high” erosion levels showed a slight increase of 0.06 km2 and 0.12 km2,
respectively. In general, forest area decreased by 107.96 km2. This indicates that a large
part of forested areas with low erosion levels became part of the other types of vegetation
cover (Figure 10). The agricultural mosaic showed a slight decrease in the areas with “very
low” and “low” erosion levels. In a period of 6 years, they were reduced by 12.79 km2 and
8.31 km2, respectively. Areas with “slightly moderate” erosion levels suffered the most
dramatic reduction. They went from 117.28 km2 in 2016 to 38.60 km2 in 2022 (Figure 10).
This indicates a decrease of 78.68 km2. On the other hand, the areas with “moderate”
erosion levels increased from 48.06 km2 to 106.88 km2, which is an increase of 58.82 km2.
The areas with “high” and “very high” erosion levels increased by 10.25 km2 and 5.28 km2,
respectively. These increases in erosion levels may be related to little or no soil conservation
practices on farmland. It was also observed that areas of agricultural mosaic decreased by
25.43 km2 (Figure 10). In oil palm, areas with “very low” erosion went from 58.17 km2 to
82.50 km2 during the study period, while areas with “low” levels went from 38.86 km2 to
56.11 km2. This may be a consequence of the transformation of forest areas, agricultural
mosaic or pastures to oil palm plantations. The areas with “moderately light” erosion
decreased by 26.4 km2. However, areas with “moderate” erosion increased from 9.25 km2

to 48.17 km2. Areas with “high” and “very high” erosion increased by 9.76 km2 and
0.19 km2, respectively. This could be related to soil management practices that do not
prioritize soil conservation (Figure 10). Pastures showed a substantial increase in area
with “very low” erosion. They went from 14.45 km2 to 56.25 km 2. The areas with “low”
erosion went from 5.75 km2 to 14.93 km2. This could be due to the transformation of
low-erosion forested areas into pastures. The other categories remained constant, however,
when observing the total increase in pasture area, it can be seen that it went from 23.75 km2

to 78.90 km2. This means that in a period of 6 years, 55.15 km2 of soil was transformed into
pastures (Figure 10). Bare soil includes roads, cities and exposed soil (Figure 8). Overall,
an increase of 13.17 km2 was observed during the study period. Areas with “very low”
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erosion increased from 1.45 km2 to 5.18 km2, while those with “low” erosion increased from
0.4 km2 to 1.2 km2. All other categories did not increase by more than 2.5 km2 (Figure 10).
However, it should be noted that bare soils are the most susceptible to erosion.

 

 

 

 

 

Figure 10. Erosion levels by land cover type. ‘Forest’ category incorporates non-flooded and flooded. ‘Agr. 
Mosaic’ – Agricultural mosaic category consider crops such as cassava, maize, banana, papaya, cocoa, and 
others. ‘Bare soil’ category includes, roads, exposed soil, cities and towns. Additional details can be found 
in Appendix 11. 
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Figure 10. Erosion levels by land cover type. “Forest” category incorporates non-flooded and flooded.
“Agr. Mosaic” category considers crops such as cassava, maize, banana, papaya and cocoa. “Bare
soil” category includes roads, exposed soil, cities and towns. Additional details can be found in
Supplementary Materials—S11.

In total, 74.52 km2 (7% of the sub-basin) exceeded the soil loss tolerance (SLT) in 2022,
while 107.96 km2 were deforested from 2016 to 2022. The spatial distribution between the
deforested areas and erosion zones that exceed the soil loss tolerance (“high” and “very
high”) shows a clear correlation (Figure 11). The areas with the greatest forest loss are
located in the eastern and southeastern areas of the sub-basin. These sectors coincide with
the areas with the highest levels of erosion. On the other hand, in the eastern area, the
relationship between deforestation and erosion is less evident; deforestation continues to be
a determining factor in the increase in erosion. It is also observed that many of the “high”
and “very high” erosion zones are located near watercourses (blue lines) (Figure 11).
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Figure 11. Spatial distribution of forest loss in the period 2016-2022 and location of areas with high and very 
high levels of erosion, in the Neshuya sub-basin, Ucayali region. Images produced with QGIS software 
(version 3.34.6-Prizren http://www.qgis.org/)  [51]. 

 

Figure 11. Spatial distribution of forest loss (black polygons) in the period 2016–2022 and location
of áreas with ‘very high’ and ‘high’ erosion levels (red colored lines). These values are abobe the
tolerance threshold of soil loss, in the Neshuya sub-basin, Ucayali region. Images produced with
QGIS software (version 3.34.6-Prizren http://www.qgis.org/) [50].

4. Discussion
This study aimed to determine the increase in erosion levels and their spatial distribu-

tion due to the decrease in natural forest cover and the increase in agricultural area. We
hypothesized that, in the Neshuya sub-basin, water erosion calculated with the RUSLE hy-
drological model increased considerably in 2022, compared to the 2016 scenario. This was
due to the loss of forest cover (ha) and the change in land use oriented towards agricultural
activities (ha). It was also suggested that the introduction of various cultivated species
caused an alteration in the exposure of the soil to precipitation (mm), which modified
the properties of the soil and consequently contributed to the increase in erosion levels
(t ha−1 year−1). The hypothesis was confirmed.

The average erosion in the Neshuya sub-basin increased from 3.87 to 4.55 t ha−1

year−1. This coincides with the value of 3.9 t ha−1 year−1 estimated by Aybar et al. [13] in
the Ucayali region. Erosion rates in this research coincide with studies carried out at similar
conditions to Neshuya. For instance, research carried out in Brazil by Lense et al. [8,12] gave
a range of erosion between 1.5 to 62.85 t ha−1 year−1. However, it is much lower than that
reported by Alyson Bueno [10], who concludes that deforestation caused an extreme value
of 386 t ha−1 year−1, in an Amazonian basin in Brazil, with very similar environmental
conditions to Neshuya. This discrepancy may be explained by the intensity of precipitation
in that area. In Malaysia, Kamaludin et al. [64] reported a range from 0 to 95 t ha−1 year−1
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and Rizeei et al. [63] reported higher average values of 143.35 95 t ha−1 year−1 for 2010
and 162.24 95 t ha−1 year−1 for 2016. According to Palliyaguru et al. [82] in Sri Lanka, the
average erosion increased from 2.81 to 321 t ha−1 year−1 from 1989 to 2021. Similarly, in
Ethiopia, according to Teshome et al. [83], from 1986 to 2020, the average erosion went
from 53.2 to 64 t ha−1 year−1. These authors agreed that the highest values are related to
aspects of deforestation, steeper slopes, sandy soils, palm plantations and poor conservation
practices, as occurs in Neshuya. Also in Malaysia [63,64], palm plantations and agricultural
activity are the main reasons behind forest area reduction. The situation is similar in Sri
Lanka [82,83], but with the exception that in the study basins there are no palm plantations.
But in other cases, such as in Brazil [8,12], the study basins also do not have palm in
their cover, but they comply with local conditions similar to Neshuya, as in the studies
already mentioned.

Overall, it was observed that in the entire Neshuya sub-basin, areas with very low
erosion levels were reduced by 49.78 km2, and became part of the categories with a higher
level of erosion (Table 9). This suggests a progressive deterioration of the soil. Although
the change in the average erosion of the entire study zone does not reach the dramatic
levels of the work of Alyson Bueno [10] in Brazil or the relatively high levels in Malaysia
and Ethiopia [63,83], it is possible to see that there was an increase during the study period.
This increase can be explained by the relationship between changes in land use and erosion.
Forest areas went from 345.74 km2 in 2016 to 238.24 km2 in 2022. This means that, in just
6 years, 105.5 km2 were transformed either into pastures, oil palm plantations, agricultural
mosaic or left as bare soil (Table 8, Figure 6).

Heavy rainfall is one of the main erosive agents in the study area [17]. Although
there is a discrepancy in the R factor with the results in Brazil (14,852 MJ mm ha−1 h−1

year−1 [10] and 9000–12,000 MJ mm ha−1 h−1 year−1 [8], compared to those found in
our study, 1100–2290 MJ mm ha−1 h−1 year−1 (Figure 3), the explanation lays in rainfall
having been slightly lower in Neshuya. Despite this, values of rainfall erosivity (R factor)
calculated in Neshuya agree with the values reported by [13,84]. On the other hand, the
high level of rain aggressiveness expressed as the Modified Fournier Index (MFI > 160) is
consistent with other studies conducted in areas with high precipitation values [27,28,30].
Since our research’s precipitation and MFI values are directly related to each other, the R
factor is confirmed as the main erosive agent.

Regarding the K factor reported in this study, it ranged from 0.00148 to 0.00236
and it coincides with other authors’ findings (Table 5). In addition, according to
Palliyaguru et al. [82] a well-structured clay soil with adequate plant protection has low
erosion levels. However, Valladares et al. and Zaroni et al. [85,86] indicate that Acrisols are
susceptible to erosion on moderately undulating slopes, as it is the case in our study area
(Figure 5). Similarly, shallow Cambisols found in steep terrain such as in the western part
of the basin (Figure 5) are highly erodible [86].

In Ucayali, especially in the Neshuya sub-basin, financial challenges, lack of education
and low awareness of the importance of sustainable practices significantly limit the im-
plementation of soil conservation practices. This situation, aggravated by the remoteness
of the area, makes it difficult for local farmers to adopt sustainable measures [87–89]. It is
very common for lands to be abandoned after they have lost their fertility [7]. Transporting
fertilizers to such remote agricultural areas is not economically viable.

How does land use change begin? Initially, selective logging leads to the opening
of dirt roads in forest areas. Later, the forests were cleared to make way for crops and
pastures for livestock, which in turn, increase the area of dirt roads [90]. This can be seen in
Figure 6. In places where vegetation acts as a natural barrier to the indiscriminate entry
of people, these precarious roads facilitate the entry of settlers who practice slash and
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burn agriculture [39,91]. According to Reyes and Robiglio [90] in Ucayali, most of the
roads are not paved, since most are built without authorization from the local government.
Asphalt roads are rarely viable, mainly because their construction entails greater losses of
biodiversity and increased deforestation in the Peruvian Amazon [92]. In the study area, it
was found that the roads area increased from 4.68 to 6.49 km2 from 2016 to 2022 (Table 8).
In 2024, only 0.435 km2 were observed to be paved (Figure 8). In addition, the width of the
paved road does not exceed 7 m, which is less than the pixel size (12.5 m × 12.5 m) with
which the erosion analysis was carried out. In previous years, it is estimated that the paved
surface was smaller; therefore, it does not represent an important protection factor in the
study area.

Once migratory farmers have settled, they transform forest into agricultural mosaic mo-
tivated by obtaining subsistence food and surpluses for sale to the local population. After a
quick yield decrease in annual crops, land transitions to pastures for livestock [93–95], or to
oil palm [96]. This motivates deforestation to maintain their productivity [97,98]. In our
research, we found that the area classified as an agricultural mosaic was reduced from
447.40 km2 to 421.97 km2 during the study period. However, pastures increased from
23.75 km2 to 78.80 km2 and oil palm is the crop that increased its extension the most, from
143.51 km2 in 2016 to 208.06 km2 in 2022 (Table 8). This means that in a period of 6 years,
the areas of these two crops increased by 55.05 km2 and 64.55 km2, respectively. This is
because the ecological conditions favor commercially viable palm yields [99]. On the other
hand, in Peru the institutional framework is inadequate to order the expansion of this crop
following technical criteria of sustainable development [100,101]. Regarding forest cover, a
deforestation rate of 17.99 km2 year−1 was found. This is much higher than that calculated
by Marcus et al. [18], who estimated a deforestation rate of 3.56 km2 year−1 from 1987
to 2015.

So, how can we explain that land use change has increased erosion levels? The
explanation lies in how effective soil cover is when it comes to decreasing the impact force
of raindrops, as well as the drag of particles by runoff [78] based on [43]; Gonzales del
Tánago 1991 cited by [13]. Forests, being climax ecosystems, incorporate several layers
of protection against the force of rain, which is a consequence of the different canopy
heights from vegetation at different strata. Likewise, the layer of leaf litter works as the last
protective barrier to reduce the impact of raindrops.

In our research, erosion in forest areas was estimated in 0.510 and 0.687 t ha−1 year−1

for 2016 and 2022, respectively (Supplementary Materials—S12). It goes along with results
from Indonesia, estimated at 0.510 t ha−1 year−1 at similar conditions [66,68]. In the case of
the Neshuya sub-basin, after the transition to agricultural mosaic, the set-up of an annual
crop leaves the soil exposed to rainfall. Poor soil management practices related to this type
of subsistence farming, such as placing crops on the slope (Image xx1, a), favors erosion.
In Brazil, Lense et al. [12] found that agricultural expansion on soils naturally covered by
forests changed erosion levels from 0.5 to 1.5 t ha−1 year−1. In our study, we found how the
erosion categories “very high”, “high” and “moderate” have increased according to what
was explained in previous lines (Figure 10 and Supplementary Materials—S11). Further-
more, the average erosion in agricultural mosaic increased from 6.45 to 7.12 t ha−1 year−1

from 2016 to 2022 (Supplementary Materials—S11). On the other hand, if this transition
occurs towards pastures, the level of erosion is much lower because the root system of
grasses favors greater aggregate stability compared to annual and perennial crops. In
our study, areas with pastures remained within the “low” and “very low” erosion cate-
gories predominantly (Table 9), which corroborates the higher degree of aggregate stability.
Erosion increases in pastures are mainly related to overgrazing and grassland burning
practices [10,86]. Finally, if the transition happens towards oil palm, our study showed that
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the level of erosion also tends to increase (Figure 10 and Supplementary Materials—S12),
from 0.038–31.11 t ha−1 year−1 to 0.045–51.66 t ha−1 year−1 in 2016 and 2022, respectively
(Supplementary Materials—S12). These findings corroborate with Rizeei et al. [63] who
reported erosion levels that exceed 50 t ha−1 year−1 for oil palm crops in Malaysia. These
values are extreme for that region. Erosion in oil palm plantations is related to the processes
of land leveling, tillage and construction of drainage systems. In addition, high levels of
compaction have been observed [102]. On the other hand, the application of herbicides
limits the natural growth of native plants, which maintains areas of bare soil [103]. Na-
haruddin et al. [68] indicate that a cocoa agroforestry system can reduce erosion up to three
times less compared to a cocoa monoculture. Ramadhan et al. [68] reported average erosion
values for oil palm of 89.12 to 122.94 and bare soil of 249.17 t ha−1 year−1, respectively.
All of the above supports the idea that, in order to reduce erosion, areas covered by forest
should be preserved as much as possible. And areas that have already been transformed for
agricultural use should incorporate soil conservation and agroforestry practices to reduce
erosion and therefore maintain their fertility levels.

After deforestation due to shifting agriculture, soil’s fertility decreases as several
physical and chemical properties are degraded such as soil structure and reduction of
infiltration which increases runoff. Also, organic matter reduces because of a higher
exposure to oxygen, which decreases biological fertility and keeps negatively affecting
soil structure [36]. Organic carbon has an important role in the configuration of the
K factor values according to the Formula (4) proposed by Sharpley et al. [56]. In this
regard, Lima et al. mention that it reduces soil erodibility (K Factor) by improving its
properties [35]. This is shown in the spatial relationship map of organic carbon with
erodibility (Supplementary Materials—S13).

In this study, most of the samples fell in the range from 1 to 3% of organic carbon,
since the soil samples come mainly from agricultural plots. These values agree with those
reported by Malaga et al. [39] for the same study area. They found 4.69% of organic
carbon (forest) and 2.48% (oil palm). On the other hand, the difference with other tropical
ecosystems of similar latitude is interesting, such as in Nueva Guinea, a traditional area of
palm plantations. Nelson et al. [104] reported 6.5% organic carbon in forest, 5.5% in palm
and 5% in pasture (approximate values), which could indicate more sustainable practices
in this region in comparison to Neshuya, whose forests are more susceptible to the loss of
organic carbon.

5. Conclusions
1. The study showed an increase in average erosion in the Neshuya sub-basin, from

3.87 t ha−1 year−1 in 2016 to 4.55 t ha−1 year−1 in 2022, which represents a change
of 17.6% between both years. This increase is directly related to the expansion of
agricultural activities quantifies in terms of area. It went from 615.05 km2 in 2016
to 709.4 km2 in 2022. This means a replacement of 15.3% of the Amazon forest.
The hypothesis that the conversion of forest to agricultural land increases erosion
is confirmed.

2. The “moderate”, “high” and “very high” erosion categories showed an increase in
their affected area between 2016 and 2022, with increases of 6.79 km2, 6.94 km2 and
7.50 km2, respectively. This corresponds to the areas with the highest slope (11–35%)
located in the eastern part of the sub-basin, where precipitation has a greater incidence
with rainfall erosivity rates in a range from 1500 to 2297 MJ mm ha−1 h−1 year−1.

3. In the study area, soils had a high resistance to erodibility with very low values for the
K factor, due to the predominance of clay loam, loam and sandy clay loam textures.
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This is consistent with other studies. In addition, a low percentage of organic carbon
was not sufficient to increase the erodibility factor.

4. The tolerated erosion was over the limit in 74.52 km2. This is spatially related to
slash-and-burn deforestation (107.96 km2) near waterways.

5. The “very low” erosion category showed a reduction of 49.78 km2 (−5.12%) as a result
of less sustainable practices. Less susceptible areas to erosion had lower erosivity
ranges between 1100 and 1500 MJ mm ha−1 h−1 year−1 and gentler slopes, from 0
to 11%.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/geosciences15010015/s1., S1: Observed precipitation data from
SENAMHI weather stations; S2: Monthly precipitation data obtained from PISCO (Peruvian Interpo-
lated Data from SENAMHI’s Climatological and Hidrological observation); S3: Statistical analysis of
correlation between precipitation data from observed stations and PISCO; S4: Physical and chemical
parameters evaluated from the reports of the Laboratory of Water, Soil and Foliar (LABSAF) of
INIA Experimental Station in Pucallpa EEA Pucallpa; S5: Calculating the K-Factor and subfactors at
sampling sites; S6: Calculation of soil parameter semi-variogram; S7: Results of the statistical analysis
between the observed stations and PISCO; S8: Precipitation data from the 42 fictitious precipitation
stations obtained from PISCO; S9: Calculations of the Modified Fournier Index (IFM) for weather
stations; S10: Calculating the R-factor from PISCO monthly precipitation data; S11:Area in km2 of
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