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Abstract: Soil erosion poses a significant global environmental challenge, causing land
degradation, deforestation, river siltation, and reduced agricultural productivity. Although
the Revised Universal Soil Loss Equation (RUSLE) has been widely applied in Brazil, its
use in the tropical river basins of the Amazon remains limited. This study aimed to apply
a GIS-integrated RUSLE model and compare its soil loss estimates with multiple linear
regression (MLR) models based on terrain attributes, aiming to identify priority areas and
key geomorphometric drivers of soil erosion in a tropical Amazonian river basin. A digital
elevation model based on Shuttle Radar Topography Mission (SRTM) data, land use and
land cover (LULC) maps, and rainfall and soil data were applied to the GIS-integrated
RUSLE model; we then defined six risk classes—slight (0–2.5 t ha−1 yr−1), slight–moderate
(2.5–5), moderate (5–10), moderate–high (10–15), high (15–25), and very high (>25)—and
identified priority zones as those in the top two risk classes. The Caeté River Basin (CRB)
was classified into six erosion risk categories: low (81.14%), low to moderate (2.97%),
moderate (11.88%), moderate to high (0.93%), high (0.03%), and very high (3.05%). The
CRB predominantly exhibited a low erosion risk, with higher erosion rates linked to
intense rainfall, gentle slopes covered by Arenosols, and human activities. The average
annual soil loss was estimated at 2.0 t ha−1 yr−1, with a total loss of 1005.44 t ha−1 yr−1.
Additionally, geomorphological and multiple linear regression (MLR) analyses identified
seven key variables influencing soil erosion: the convergence index, closed depressions, the
topographic wetness index, the channel network distance, and the local curvature, upslope
curvature, and local downslope curvature. These variables collectively explained 26% of the
variability in soil loss (R2 = 0.26), highlighting the significant role of terrain characteristics
in erosion processes. These findings indicate that soil erosion control efforts should focus
primarily on areas with Arenosols and regions experiencing increased anthropogenic
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activity, where the erosion risks are higher. The identification of priority erosion areas
enables the development of targeted conservation strategies, particularly for Arenosols
and regions under anthropogenic pressure, where the soil losses exceed the tolerance
threshold of 10.48 t ha−1 yr−1. These findings directly support the formulation of local
environmental policies aimed at mitigating soil degradation by stabilizing vulnerable soils,
regulating high-impact land uses, and promoting sustainable practices in critical zones.
The GIS-RUSLE framework is supported by consistent rainfall data, as verified by a double
mass curve analysis (R2 ranging from 0.64 to 0.77), and offers a replicable methodology for
soil conservation planning in tropical basins with similar erosion drivers. This approach
offers a science-based foundation to guide soil conservation planning in tropical basins.
While effective in identifying erosion-prone areas, it should be complemented in future
studies by dynamic models and temporal analyses to better capture the complex erosion
processes and land use change impacts in the Amazon.

Keywords: geoprocessing; soil loss; geomorphometric; sustainability; influential factors;
land degradation; remote sensing

1. Introduction
Soil erosion is a form of soil degradation that is a major threat to soil worldwide. It

causes an annual soil loss of over 36 billion tons [1,2]. Moreover, it has a negative impact
on fresh water and the oceans [2]. The estimation and mapping of soil loss are important
tools for soil conservation. Soil loss by water erosion is a major cause of environmental
degradation in the northern region of Brazil [3] and leads to significant negative impacts on
Amazonian ecosystems, including water resources used in agricultural production, carbon
stocks, cultural heritage, and biodiversity [4], as well as downstream irrigation systems
and reservoir sedimentation [5,6], which in turn may lead to a variety of environmental
and socioeconomic problems [7]. Land degradation due to overexploitation aggravates soil
erosion [8].

Recent studies have addressed soil erosion processes in the Amazon biome, applying
models such as the Revised Universal Soil Loss Equation (RUSLE) integrated with GIS.
Barbosa and Fearnside [9] investigated erosion in the Apiaú region of Roraima, highlighting
the fragility of Amazonian soils under anthropogenic pressure. Duarte et al. [10] used
RUSLE in the Juma watershed, Southern Amazonas, demonstrating the model’s sensitivity
to land use changes. Riquetti et al. [11] assessed the erosion dynamics over six decades
of deforestation in the Amazon basin, revealing significant spatial patterns related to
agricultural expansion. Similarly, Fonseca and Silva Filho [12] employed logistic regression
for erosion susceptibility mapping in the Southern Amazon. These efforts reflect increasing
concern over soil degradation in the region, but there is still a lack of detailed, spatially
explicit assessments in the Eastern Amazon, particularly in the state of Pará. The present
study addresses this gap by applying the RUSLE model in the Caeté River Basin, aiming to
support conservation planning in a poorly studied tropical landscape.

Widely adopted strategies for soil conservation include mapping, monitoring, and
prioritizing areas that are more susceptible to erosion [13–15]. However, identifying priority
areas for the control of soil erosion is a complex task that requires qualitative assessment
methods [13]. According to Ebabu et al. [7] and Wang et al. [16], the main criteria for
the identification of priority areas are soil protection, land use, and land management
practices. The segmentation of land surfaces based on physical geomorphometry, as
proposed by Minár et al. [17], provides a robust framework for an understanding of
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terrain characteristics and their influence on erosion processes. Their approach emphasizes
the importance of elementary land surface segmentation and digital geomorphological
mapping in identifying areas prone to erosion, which aligns with the need for detailed
spatial analysis in soil conservation [17,18].

Soil erosion risk mapping can provide a basis for the development of a management
plan for the mitigation of erosion [19], and various studies have investigated this tech-
nique [20–22]. Several models can be used to assess the soil erosion risk based on factors
such as anthropogenic activity [23], nutrient loss [24,25], the spatial and temporal evolution
of the soil erosion risk [26], vegetation cover and slope [27], and climate changes [17].
The Revised Universal Soil Loss Equation (RUSLE) has become one of the most widely
used models for the estimation of soil erosion under diverse land use and environmental
conditions due to its simplicity, flexibility, and compatibility with GIS applications [28,29].
In Brazil, RUSLE has been increasingly used in tropical regions; however, few applications
have focused specifically on the Amazon biome, particularly those incorporating detailed
terrain variables to explain the erosion dynamics. Despite its widespread use in empirical
and modeling studies under diverse environmental and land use conditions [28,29], the
integration of RUSLE with topographic analysis remains limited in the Amazon region.

The RUSLE model has emerged as a predominant, adaptable, simple, and minimally
data-intensive approach to predicting the spatial distribution of soil erosion [8,21,30,31].
The RUSLE model considers the factors that can lead to soil erosion. Combined with geo-
graphic information systems (GIS) technology [32], it is an efficient quantitative assessment
method to estimate soil erosion in a small-scale river basin [33–35]. The GIS-integrated
RUSLE model includes data from different geographic and climatic conditions, leading to
more accurate results [36]. The river basin is the most basic socioeconomic unit, with a geo-
morphic system that is independent to some extent. In soil and water conservation (SWC),
a river basin generally refers to a complete unit of soil erosion, which can be operated as an
ecological economic system.

While several studies have applied RUSLE in Brazil to estimate the soil erosion risk,
few studies have been conducted in the Amazon [11], especially those integrating geo-
morphometric terrain attributes with the RUSLE model. Most studies in the region have
applied the traditional RUSLE model, without exploring how topographic features influ-
ence erosion patterns. This study advances the state of the art by using multiple linear
regression (MLR) and provides a novel approach to understanding the interactions between
terrain characteristics and erosion patterns. This integration of terrain attributes with the
RUSLE model helps to fill a crucial gap in the understanding of the soil erosion dynamics
in tropical basins—specifically in the Eastern Amazon region. This approach can support
the more informed prioritization of erosion control areas by linking terrain metrics to the
soil loss intensity.

Assessing the soil erosion risk in a river basin requires a coupled human–environment
system that considers socioeconomic characteristics, vulnerability, sensitivity, and adaptive
capacity. Therefore, this study aims to (i) to identify the key terrain characteristics that
significantly influence erosion patterns with a multiple linear regression (MLR) approach
and (ii) to estimate the soil loss using a GIS-integrated RUSLE model and map priority
areas for soil conservation in the Caeté River Basin.

2. Materials and Methods
2.1. Study Area

The Caeté River Basin (CRB) is located in the northern region of Brazil, in the north-
eastern part of Pará State, between 1◦01′19.7′′ S and 46◦45′48.4′′ W, encompassing an area of
2195 km2 (Figure 1). The soils were initially classified using the Brazilian Soil Classification
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System (SiBCS) and then harmonized with the World Reference Base for Soil Resources
(WRB/FAO) as follows: Argissolo Vermelho-Amarelo (PVA) as Acrisols; Gleissolo Sálico
(GZ) as Solonchaks; Latossolo Amarelo (LA) as Ferralsols; Neossolo Quartzarênico (RQ)
as Arenosols; and Plintossolo Háplico (FX) as Plinthosols [35]. The river basin vegetation
includes secondary vegetation, lowland or igapó forests, and mangroves [36]. According
to the Köppen climate classification, the region has a tropical monsoon climate (Am). The
CRB receives average annual rainfall of approximately 2385 mm and has a mean annual
temperature of 26 ◦C, with a typical annual temperature range of 5 ◦C.
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Figure 1. Map-based localization of Caeté River Basin (CRB) in North of Brazil, Northwestern
Amazon biome.

2.2. Study Data

Information on land use from 2014 was collected from the TerraClass project [37]. The
soil data were converted into a raster image based on vector images of published maps in
the shapefile format. The digital elevation model (DEM) was downloaded from the United
States Geological Survey’s (USGS) Shuttle Radar Topography Mission (SRTM) of 1-arc-
second global elevation data with a 30 × 30 m resolution. Then, the DEM was optimized to
obtain a hydrologically consistent digital elevation model (HCDEM). Using the software
QGIS version 3.22, mosaics of the scenes were merged to generate a single image.

Erodibility, erosivity, and land use maps were created based on pedology, precipitation,
and C factor mapping (vegetation and management) data, respectively. These data layers
were converted into a raster layer (GeoTIFF) to create a map algebra framework for the
GIS-integrated RUSLE model. The results were obtained by applying the raster images
to the GIS-integrated RUSLE model and adapting them to RUSLE (see R, K, LS, and C in
Figure 2). The QGIS version 3.22 software was used to apply the data to the RUSLE model
and obtain soil erosion data.
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2.3. Geomorphological and Multiple Linear Regression Analysis

The geomorphological and geomorphometric variables were derived from a high-
resolution digital elevation model (DEM) to assess their influences on the soil erosion
dynamics. These variables included the aspect, plan curvature, profile curvature, conver-
gence index, closed depressions, topographic wetness index, channel network distance,
valley depth, relative slope, topographic position index, local curvature, upslope curvature,
local upslope curvature, downslope curvature, and local downslope curvature. These
parameters were selected based on their established relevance in characterizing terrain
morphologies and their potential to influence soil erosion processes [32,33]. The dependent
variable in this analysis was the A factor, representing soil loss, as calculated by the Revised
Universal Soil Loss Equation (RUSLE) [1].

To quantify the relationship between the geomorphometric variables and soil loss, a
multiple linear regression (MLR) analysis was employed. The general form of the MLR
model is expressed as

A = β0 + β1 X1 + β2 X2 + · · · + βn Xn + ϵ (1)

where A is the dependent variable (soil loss, A factor); β1, β2,. . ., βn are the regression
coefficients for the independent variables; X1, X2,. . ., Xn represent the geomorphometric
variables; and ϵ is the error term.

The stepwise selection method was applied to identify the most significant variables
contributing to the model’s predictive power. This iterative process added or removed
variables based on their statistical significance (p < 0.05) and their contributions to the
coefficient of determination (R2). The stepwise approach ensured that only variables with
meaningful explanatory power were retained, reducing multicollinearity and improving
model parsimony [1,31]. The final MLR model was evaluated based on its adjusted R2

value, which accounts for the number of predictors and avoids overfitting.
The use of digital elevation models (DEMs) and spatial analysis techniques, such as

MLR, highlights the importance of integrating modern technologies (geoprocessing, remote
sensing, and statistics) as an interdisciplinary approach, which is essential in addressing
the challenges of sustainable natural resource management [31,38–40].

2.4. Soil Erosion Modeling by RUSLE Model

The results were obtained by generating thematic maps as GeoTIFF raster images,
which depicted the USLE factors that were adapted to the RUSLE model. The average
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annual soil loss in the CRB was calculated using Equation (2) [41], and the data were
processed as detailed in Figure 2. Soil loss estimates were evaluated against Amazon-
specific tolerance thresholds (T) derived from Nunes et al. [42], an adaptation of Wischmeier
and Smith [41]. The RUSLE model has been used as a cost-effective and efficient data
prediction tool that can be applied to both forested and agricultural river basins [38]. These
thresholds account for the following:

A = R × K × LS × C × P (2)

where A: estimated average soil loss in tons per hectares (t ha−1 yr−1); R: rainfall–runoff
erosivity factor (MJ mm ha−1 h−1 yr−1); K: soil erodibility factor (t ha h ha−1 MJ−1 mm−1);
L: slope length factor (dimensionless); S: slope steepness factor (dimensionless); C: cover
management factor (dimensionless); P: conservation practices factor (dimensionless).

Wischmeier and Smith [41] defined the erosivity index (EI30) as the product of the
kinetic energy (E) of heavy rainfall at its maximum intensity (I) during a 30 min period.
The R factor results from the average of the annual E × I value over a minimum period of
20 years.

2.4.1. Rainfall Erosivity Factor (R)

We obtained the rainfall erosivity factor (R) and rainfall station coordinates from the
National Institute of Meteorology (INMET), which contains 17 years of precipitation data
(from 2003 to 2020) [43]. Precipitation data were collected from the cities that border the
CRB: Bragança, Capitão Poço, Marabá, Paragominas, Rondon do Pará, Salinópolis, Soure,
Tomé Açú, and Tucuruí. Accumulated rainfall values were obtained from neighboring
weather stations and then plotted. The consistency of the rainfall data was tested using
the double mass curve method. Finally, the data were compared using the coefficient of
determination (R2).

The R factor was determined according to the mathematical estimation provided by
Bertoni and Lombardi [28] for monthly averaged data (Equation (3)):

EI = 67.355
(

r2

p

)0.85

(3)

where EI is the monthly average of the estimated erosion index (MJ mm ha−1 h−1 yr−1);
r is the average monthly precipitation (mm); and p is the average annual accumulated
precipitation (mm). The R factor results from each station were organized into a grid format
within a raster layer using a spline interpolation method, creating a spatial representation
of the CRB.

2.4.2. Soil Erodibility Factor (K)

The soil erodibility factor (K) was derived from the national soil map of Brazil, clas-
sified according to the Brazilian Soil Classification System (SiBCS) [35], and harmonized
with the World Reference Base for Soil Resources (WRB/FAO) for international compara-
bility. The soil data layer, originally at a 1:5,000,000 scale, was converted from vector to
raster format (GeoTIFF), and K factor values were assigned to each soil class based on the
estimates provided by Carvalho Filho et al. [44] and Farinasso et al. [14] (Table 1).
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Table 1. Classification of soils in the study area and their estimated K factor values.

WRB FAO (SiBCS) Estimated K Value
[t ha h ha−1 MJ−1 mm−1] Source

Acrisols (Argissolo Vermelho amarelo) 0.031 Carvalho Filho et al. [44]
Solonchaks (Gleissolo Sálico) 0.005 Carvalho Filho et al. [44]
Ferrasols (Latossolo Amarelo) 0.026 Carvalho Filho et al. [44]
Arenosols (Neossolo Quartzarênico) 0.108 Carvalho Filho et al. [44]
Plinthosols (Plintossolo Háplico) 0.030 Farinasso et al. [14]

SiBCS: Brazilian Soil Classification System [35]; WRB: World Reference Base [45].

2.4.3. Topographic Factor (LS)

Based on the hydrographically conditioned digital elevation model (HCDEM), the
slope factor (S) was calculated in terms of the area percentage (%). The basin slope length
(L)—where the slope length is defined as the horizontal distance from where the surface
flow originates to the point where deposition begins or where the flow reaches a defined
channel [15]—as well as the flow directions and flow accumulation were calculated using
the hydrological modules of the open-source software QGIS version 3.22 and GRASS GIS
version 8.4.1 [46,47] (Equations (4)–(6)):

L =

(
λ

22.3

)m
(4)

m =

(
F

1 + F

)
(5)

F =
sin β/0.0896(

3(sin β)0.8 + 0.56
) (6)

The L factor of the contributory drainage area was calculated according to Desmet and
Govers [32] (Equation (7)):

L(i,j) =

(
A(i,j) + D2

)(
A(i,j) + D2

)m+1
− A(i,j)

m+1

xmDm+2 (22.3)m (7)

where λ is the slope length in meters (m); m is the exponent of the slope length; β is the angle
of inclination; L is the slope length factor; A(i,j) [m] is the unit contribution area at the input
of a pixel (cell); D is the pixel size; and x is the correction factor of form. The slope factor (S)
was calculated according to the equation proposed by McCool et al. [48,49], considering
the ratio of the rill and interrill erosion. When applying the formula in the raster calculator,
the angle must be converted into radians (1 sexagesimal grad = 0.01745 radians), so that it
can be multiplied by the other components of the equation (Equation (8)).

S(i,j) =

{
10.8 sinβ(i,j) + 0.03 tan β(i,j) < 0.09

16.8 sinβ(i,j) − 0.5 tan β(i,j) ≥ 0.09

}
(8)

This equation is used to compute the slope factor (S), which represents the influence
of the terrain inclination on soil erosion.

Here, S(i,j) is the slope factor for the grid cell (i,j), indicating the contribution of the
terrain slope to soil erosion, and β(i,j) is the tangent of the slope angle, representing the
steepness of the surface. It is based on the following conditional expressions:

If tan β(i,j) < 0.09, the equation applies a coefficient of 10.8 for sin(β) and adds a constant
value of 0.03;
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If tan β(i,j) ≥ 0.09, the equation adopts a coefficient of 16.8 for sin(β) and subtracts a
factor of 0.5.

Finally, the topographic factor (LS) was calculated using the equation proposed by
Moore and Burch [33] (Equation (9)):

LS =

(
As

22.13

)m
×

(
sin θ

0.0896

)n
(9)

where LS is topographic factor that quantifies the influence of the slope length and steepness
on the soil erosion rates. As is the catchment area (flow accumulation). θ is the slope angle
(in radians), which corresponds to the terrain steepness, and 22.13 is the reference slope
length (in meters), used as a standard in erosion modeling. Meanwhile, 0.0896 is the
reference value for sin(θ), equivalent to a slope angle of approximately 5.14◦, and m and n
are empirical coefficients that represent the relative contributions of the slope length and
slope steepness to soil erosion, respectively.

2.4.4. Cover Management Factor (C Factor)

Table 2 shows the cover management factors derived from the practices that occur in
the river basin. It is based on the land use and occupation map obtained from the TerraClass
project developed by the National Institute for Space Research (INPE) [37]. The land-use
class vectors are from 2014.

Table 2. Values of RUSLE C and P factors for different land cover types in the Caeté River Basin.

Land Use Description C Factor P Factor

Agricultural annual Extensive areas with the predominance of annual
cycle agriculture. 0.082000 1

Unobserved area Areas whose interpretation was made impossible by
the presence of clouds and their shadows. 0.070000 1

Urban area Urban spots resulting from the population
concentration formation of villages, towns, or cities. 0.000000 1

Deforestation Areas mapped as deforestation in the specific year. 0.000700 1

Forest Arboreal vegetation has little or no change, with
canopy formation. 0.010000 1

Water bodies Surface water is formed from water bodies. 0.000000 1

Mining Mineral extraction areas with the presence of
clearings and exposed soils. 1.000000 1

Occupancy mosaic Areas represented by the association of different
modalities of land use. 0.007000 1

Non-forest
Non-forest natural plant formation “campinas” or

“campinaranas” mapped by the PRODES
(Monitoring Brazilian Amazon Forest from Satellite).

0.000001 1

Clean pasture Pasture areas with grasses between 90% and 100%. 0.007000 1
Dirty pasture Pasture areas with grasses between 50% and 80%. 0.014000 1

Reforestation Areas characterized by the homogeneous planting
of tree species. 0.032400 1

Pasture regeneration
Areas present after clear-cutting the natural

vegetation and developing some
agropastoral activity.

0.061000 1

Secondary vegetation Areas after the total suppression of forest vegetation,
with advanced processes of regeneration. 0.012000 1

Others Areas that do not fit into the above categories. 0.000001 1
The database used for the use and coverage classification above was from the TerraClass project of 2014 (http:
//www.inpe.br/cra/projetos_pesquisas/terraclass2014.php) (accessed on 15 January 2025).

http://www.inpe.br/cra/projetos_pesquisas/terraclass2014.php
http://www.inpe.br/cra/projetos_pesquisas/terraclass2014.php
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2.4.5. Conservation Support Practice Factor (P Factor)

Table 2 shows the P factor, which refers to the relationship between soil loss in agri-
cultural soil under a given support practice and the corresponding loss caused by uphill
and downhill cultivation [1]. Soil support practices (P) can also reduce erosion processes.
Therefore, the soil loss values vary according to the management practices [50]. A value of
1.0 was applied to all areas, since no erosion control practices were occurring in the basin,
according to the procedure adapted by Ozcan et al. [51]. No management and conservation
practices were identified in the satellite images.

2.4.6. Identification of Priority Areas for Erosion Control

The identification of priority areas for erosion control was based on the spatial dis-
tribution of the annual soil loss (A factor) estimated by the GIS-integrated RUSLE model.
Erosion values were reclassified into six risk categories using thresholds adapted from
Beskow et al. [1]: slight (0–2.5 t ha−1 yr−1), slight to moderate (2.5–5 t ha−1 yr−1), moderate
(5–10 t ha−1 yr−1), moderate to high (10–15 t ha−1 yr−1), high (15–25 t ha−1 yr−1), and very
high (>25 t ha−1 yr−1).

To support soil conservation planning, areas classified under the moderate to very
high erosion risk categories—representing the most critical zones in terms of soil loss—were
designated as priority areas for erosion control interventions. These priority areas are more
susceptible to accelerated soil degradation, frequently associated with human-induced
land use changes and sandy soils and subject to agricultural expansion or mining activities
across the basin [22,52].

This classification enabled the delineation of critical zones requiring urgent conser-
vation actions. The resulting erosion risk classification provides a thematic map of the
priority areas within the CRB, offering valuable input for policymakers, local authorities,
and stakeholders implementing targeted soil and water conservation strategies.

3. Results
3.1. Soil Erosion Explained by Terrain Variables

The geomorphological analysis, combined with multiple linear regression (MLR),
identified seven key variables significantly influencing soil erosion in the study area: the
convergence index, closed depressions, the topographic wetness index, the channel network
distance, and the local curvature, upslope curvature, and local downslope curvature. These
variables were selected through a stepwise regression approach, which retained only the
most statistically significant predictors (p < 0.05). Collectively, these variables explained 26%
of the variability in soil loss (R2 = 0.26; Figure 3), indicating that the terrain characteristics
play a substantial role in erosion processes.

The regression equation derived from the MLR model was obtained as

Soil loss = [2.8293 + 0.2296 × TWI + 0.1598 × CD − 0.0171 × CI − 0.0646 × CND − 22.8355 × UC + 2.6141 × LUC + 18.231 × DC] (10)

The convergence index and topographic wetness index emerged as the most influ-
ential factors, reflecting the impact of water flow accumulation and soil moisture on
erosion. Closed depressions and the channel network distance highlighted the role of the
microtopography and proximity to drainage networks in sediment transport. Meanwhile,
the curvature-related variables (local curvature, upslope curvature, and local downslope
curvature) underscored the importance of the surface geometry in controlling erosion
patterns. These findings align with previous studies that have emphasized the significance
of topographic complexity in soil erosion dynamics [17].
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Figure 3. Scatterplot of soil losses based on the MLR and RUSLE-estimated values. The model
showed an R2 of 0.2655 and an RMSE of 2.78 t ha−1 yr−1, indicating moderate explanatory power
and acceptable errors. The analysis was based on N = 22,616 data points. These values reflect the
model’s ability to explain the variability in soil loss based on selected terrain variables.

3.2. Estimation of RUSLE Parameters

The RUSLE model integrates four main factors—rainfall erosivity (R), soil erodibility
(K), slope length and steepness (LS), and cover management (C)—to estimate the potential
soil loss. These components were analyzed individually to assess their spatial distribution
and respective contributions to the erosion risk in the CRB, as presented below.

The average annual rainfall in the CRB ranges from 1866.87 to 2001.99 mm. The
rainfall values are higher in the west than in the east of the basin (Figure 4a). The R factor
values ranged from 22,583 to 23,036 MJ mm ha−1 h−1 yr−1. The R factor is higher in
the northeastern and northwestern areas and lower in the southeastern areas of the CRB
(Figure 4b). The R factor revealed that the rainfall distribution was not uniform in the
study area.

The R factor revealed that the average rainfall recorded by the weather stations
between 2003 and 2020 was low. The average rainfall was 1985.98 mm in this period, which
differs from the results of Alvares et al. [53], who found that it ranged from 2250.1 mm to
3000.10 mm. In this study, the average annual rainfall from each station was as follows:
the Bragança station recorded 1714.20 mm; the Tomé Açú station recorded 2147.10 mm;
the Soure station recorded 2458.10 mm; the Tucuruí station recorded 1861.4 mm; the
Marabá station recorded 1496.00 mm; the Capitão Poço station recorded 1978.00 mm; the
Paragominas station recorded 1457.10 mm; the Salinópolis station recorded 2167.90 mm;
and the Rondon do Pará station recorded 1513.70 mm.

Table 1 shows that K ranged from 0.005 to 0.108 t ha h ha−1 MJ−1 mm−1, rep-
resenting the following types of soil: Solonchaks, Ferralsols, Plinthosols, Acrisols,
and Arenosols. Areas with Arenosols presented high K values, which were closer to
0.108 t ha h ha−1 MJ−1 mm−1. Areas with Ferralsols presented low K values, which were
closer to 0.026 t ha h ha−1 MJ−1 mm−1. Figure 5a,b illustrates the spatial distribution of
the soil classes and the corresponding erodibility values (K factor) across the study area.
Figure 5b shows that the K factor values for each type of soil range from 0.0 to 0.11.
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Figure 5. (a) Soils map classified by WRB/FAO [45] (derived from SiBCS [35]) and (b) soil erodibility
factor (K) maps.

The LS factor, representing the slope length and steepness, was calculated using the
flow accumulation and slope derived from the 30-m-resolution SRTM DEM, applying
the formula proposed by Moore and Burch [33]. The LS values ranged from 0.0 to 55.2,
increasing as both the flow accumulation and slope steepness increased. Low LS values
were found in regions with smooth and flat slopes, emphasizing the importance of the slope
in determining the erosion potential. Figure 6a,b show the slope and flow accumulation
layers used as input for the calculation.
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Based on data from the TerraClass project (Table 3), the thematic layers of the land
use–land cover (LULC) map were generated and used to create the C factor map. The
values of each LULC class were assigned in the map. According to our estimations, the C
factor values ranged between 0 and 1 (Figure 7a,b).
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Table 3. Soil loss tolerance (T) thresholds for dominant soil orders in CRB.

Soil Order (WRB/FAO) SiBCS
Equivalent T Value (t ha−1 yr−1) Method (1)

Ferralsols Latossolos 12.73 III
Acrisols Argissolos 8.61 III

Arenosols Neossolos 10.48 III
Solonchaks Gleissolos 14.14 III

(1) Method III = Wischmeier and Smith [41] equation adapted for Amazonian conditions.
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No soil support practices were identified in the images. This is a limitation of the scale
used and the lack of high-resolution data. A P factor of 1 was applied to the entire CRB.

3.3. Estimation of Mean Annual Soil Loss and Priority Areas

To contextualize these values within Amazonian soil resilience thresholds (Table 3),
we compared them with the regionally adapted soil loss tolerance (T) values from
Nunes et al. [42].

Table 4 shows the soil erosion rates, varying from 0 t ha−1 yr−1 (minimal) to
30.05 t ha−1 yr−1 (maximum), with an average of 2.0 t ha−1 yr−1. The RUSLE model
is the most reliable method to identify priority areas according to the risk level.

Table 4. Classification of risk class levels for soil erosion (adapted from Beskow et al. [54]) and their
respective areal coverage (in % and ha), annual soil loss (in t yr−1 and %), and conservation priority.

Rank Soil Erosion Risk
(t ha−1 yr−1) Risk Class Area

(%)
Area
(ha)

Total Annual
Soil Loss
(t yr−1)

Total
Annual

Soil Loss
(%)

Conservation
Priority

6 0.0–2.5 Slight 81.14 183,837.53 165,466.12 17.0 Sixth
5 2.5–5.0 Slight to moderate 2.97 6728.65 199,666.16 20.0 Fifth
4 5.0–10.0 Moderate 11.88 26,922.36 188,161.58 19.0 Fourth
3 10.0–15.0 Moderate to high 0.93 2109.11 244,995.91 25.0 Third
2 15.0–25.0 High 0.03 61.25 10,802.05 1.0 Second
1 25.0–100.0 Very high 3.05 6912.87 176,355.09 18.0 First

The average annual soil loss (A), expressed in t ha−1 yr−1, was calculated for each
pixel in the study area using the GIS-integrated RUSLE model. To facilitate interpre-
tation and conservation planning, the resulting A values were reclassified into six ero-
sion risk classes based on thresholds adapted from Beskow et al. [54] as follows: low
(0–2.5 t ha−1 yr−1), low to moderate (2.5–5 t ha−1 yr−1), moderate (5–10 t ha−1 yr−1), mod-
erate to high (10–15 t ha−1 yr−1), high (15–25 t ha−1 yr−1), and very high (>25 t ha−1 yr−1).
The soil erosion risk map enabled the identification of priority areas for conservation
measures according to their risk levels.

In the soil mapping unit, Ferralsols are present in 65.01% of the river basin area, so
a moderate K factor predominates in the CRB. These areas are associated with regions
with denser vegetation and pastures; consequently, they are at a low to moderate risk of
erosion. In contrast, Arenosols occupy 19.99% of the CRB, which are areas with secondary
vegetation, regenerative pastures, and clean pastures, which are the most susceptible to soil
erosion. According to Cunha et al. [55], these land uses increase the risk of soil erosion. The
relief of the Caeté River Basin (CRB) favors the predominance of flat landscape positions. At
low altitudes, soils occur in poorly drained valley bottoms—formed by sediment deposition
and river dynamics—which leads to weakly developed profiles. In contrast, on higher, flat
parts of the landscape, soils are well-drained, more pedogenetically developed, and less
susceptible to water erosion.

Nonetheless, the actual soil erosion risk of CRB across these landscape positions is
ultimately driven by the interaction between rainfall erosivity (R) and soil erodibility (K)
factors. Additionally, land use practices can exacerbate or mitigate erosion risk, as they
influence soil structure and vegetation cover, further modifying the susceptibility to erosion.

However, in the southwestern region of the CRB, there is the predominance of quartzip-
samments. This region presented Arenosols, with the highest K factor, which ranged from
moderate to very high (Figures 5 and 8). This was the only region to present high soil
loss. Therefore, it may be considered a high-priority area for soil conservation programs
(Figure 8).
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Figure 8. Soil erosion risk map and respective rates (t ha−1 yr−1) with their classification (slight to
very high) and delimitation of priority areas for soil and water conservation, classified as low priority,
medium priority, and high priority, as well as priority areas for conservation planning. (a) Shows an
area of slight soil erosion risk covered by forest near water bodies. (b) Shows a region with very high
soil erosion risk, occupied by Arenosols and characterized by strong soil exposure to rainfall.

The slope indices ranged from 0 to 30.33%, encompassing flat, gently undulating,
undulating, and heavily undulating terrain (Figure 6a), and they were used to calculate the
LS. The LS values ranged from 0 to 55.26 (Figure 6b). LS values lower than 1 correspond to
reduced erosive potential. LS values equal to 1 represent a lack of LS activity. LS values
greater than 1 indicate that LS is an important factor in the acceleration of the soil loss
process [56].

Figure 7b shows the C factors according to the TerraClass project. The soil management
practices and uses are reforestation areas, secondary vegetation, regenerative pastures,
urban areas, deforestation, annual agriculture, mining, mosaic occupation, non-forest,
forest, hydrography, clean pastures, dirty pastures, unspecified, and others (Figure 7a).
There is a predominance of secondary vegetation (29.04% of the area), followed by clean
pastures (23.52%) and regenerative pastures (14.25%) (Table 2).

The risk of soil erosion ranged from 0 to 30.05 t ha−1 yr−1 (Figure 8). The total soil
loss in areas with erosion risks classified as ‘moderate to high’, ‘high’, and ‘very high’—
totaling 9083.23 ha—was estimated at 432,153.05 t yr−1. These areas, mainly composed of
Arenosols, were designated as conservation priority zones due to their soil losses exceeding
the tolerance threshold of 10.48 t ha−1 yr−1. In contrast, the total soil loss in the areas with
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the lowest soil risk (low to moderate) corresponded to 553,293.86 t ha−1 yr−1 across an area
of 217,488.54 ha (Table 4).

4. Discussion
4.1. Role of Geomorphological Variables in Soil Erosion

The MLR analysis revealed that seven geomorphological variables—the convergence
index, closed depressions, topographic wetness index (TWI), channel network distance,
local curvature, upslope curvature, and local downslope curvature—collectively explained
26% of the variability in soil loss (R2 = 0.26). While this value may seem moderate, it
is consistent with studies in similar tropical environments, where soil erosion is influ-
enced by a complex interplay of factors, including the rainfall intensity, land use, and soil
properties [1,31].

This equation highlights the relative importance of each variable in predicting soil
loss. For instance, the positive coefficient of the TWI (0.2296) underscores the role of
soil moisture and water accumulation in enhancing erosion. This finding is consistent
with the foundational work of Desmet and Govers [32] and Moore and Burch [33], who
established the relationship between topography and erosion processes. Recent studies
have further validated the significance of the TWI in tropical basins, where a high rainfall
intensity exacerbates soil moisture-driven erosion [31,40]. Similarly, closed depressions
(CD) showed a positive relationship (0.1598), indicating that areas with concave features
are more susceptible to sediment retention and subsequent erosion, as observed in studies
focusing on the microtopography and sediment dynamics [57,58].

In contrast, the convergence index (CI) and channel network distance (CND) exhibited
negative coefficients (−0.0171 and −0.0646, respectively). This suggests that areas with di-
vergent flows or those farther from channels experience reduced erosion, aligning with the
principles of the drainage pattern’s influence on sediment transport established by Renard
et al. [38]. Recent advancements in geospatial analysis have further refined our understand-
ing of these relationships, particularly in regions with complex topographies [59,60].

The curvature-related variables (UC, LUC, and DC) displayed complex relationships,
reflecting the influence of the surface geometry on the flow velocity and sediment depo-
sition. For example, the negative coefficient of the upslope curvature (UC) (−22.8355)
suggests that convex areas may experience reduced erosion due to faster runoff, a phe-
nomenon previously documented by McCool et al. [48]. Conversely, the positive coefficients
of the local upslope curvature (LUC) (2.6141) and downslope curvature (DC) (18.231) high-
light the importance of localized curvature in controlling erosion patterns. These findings
are supported by contemporary studies that emphasize the role of terrain complexity in
erosion dynamics, particularly in tropical environments [1,21].

This study presents a novel application of the GIS-integrated RUSLE model in combi-
nation with geomorphometric analysis and multiple linear regression (MLR) to identify
erosion-prone areas in a tropical river basin located in the Brazilian Amazon. Unlike pre-
vious studies that applied RUSLE in other Brazilian regions with different soil and land
use conditions [1,54,55], our research focuses on a basin dominated by Arenosols, which
exhibit high erodibility, and on regions under strong anthropogenic pressure, including
mining and sand extraction. Furthermore, this is the first study to assess the erosion risk
in the CRB, a data-scarce area of significant environmental vulnerability. By integrating
topographic indicators (e.g., convergence index, TWI) and validating the erosion risk map
with field observations, our study advances the current knowledge of erosion modeling
in tropical humid environments, providing actionable insights for conservation planning.
Therefore, it contributes both methodologically and regionally to the understanding of soil
erosion dynamics in underrepresented Amazonian landscapes.
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While the MLR model explained 26% of the variability in soil loss, the remaining
variance may be attributed to factors not included in the analysis, such as land management
practices, vegetation cover, and soil organic matter content [30,39]. Future studies could
incorporate these variables, along with advanced modeling techniques, to improve the
predictive power of erosion models at the basin scale in the Amazon biome.

4.2. Soil Erosion Risk in the CRB

Our findings show that the majority of the river basin (81.4%) has a low risk of soil
erosion, while 2.9% is at a low to moderate risk, 11.88% at a moderate risk, and so on
(Table 3; Figure 8). Consistent with previous research, such as that of Lense et al. [22], our
results indicate that deforestation and land use changes have contributed to significant
erosion in parts of the basin.

When comparing our results to previous studies, such as Alvares et al. [53], who
reported annual precipitation ranging from 2250.1 mm to 3000.1 mm, and Lense et al. [22],
who analyzed soil loss in the Xingu River watershed, we observed similarity in the erosion
patterns, with high-erosion-risk areas associated with land use changes, such as deforesta-
tion. However, our data reveal greater variability in the distribution of erosion, which can
be explained by factors specific to our study area.

Furthermore, the analysis of Arenosols and Ferralsols corroborates the findings of
Mellado et al. [24], who highlight the high vulnerability of sandy soils to water erosion due
to their high K factors and lower structural resistance. This reaffirms the need for specific
soil management strategies in these areas to minimize erosion.

The identification of priority areas for conservation, especially in the southwestern
region of the CRB, where erosion is exacerbated by anthropogenic activities, underscores
the urgency of implementing soil conservation measures. Programs that integrate the
RUSLE model with GIS and remote sensing can serve as effective tools for the modeling of
soil loss and planning of management interventions. However, there are many practical
implications for soil conservation that can aid in reducing soil erosion (e.g., practices such
as no-till farming, cover cropping, and mechanical barriers can be implemented to reduce
soil erosivity), as evidenced by Steinmetz et al. [18], who suggested successful conservation
techniques in regions with similar soils. Assouline and Ben-Hur [61] reported that the
R and S factors are considered secondary factors in the erodibility dynamics, and the
sediment concentration versus cumulative rainfall is slope-dependent. The slope effect is
more pronounced during heavier rainfall.

In addition, soil assessment considers its uses and other factors, such as land use, land
ownership, and vegetation. Weiler et al. [62] stated that obtaining subsidies for the planning
and development of environmental management practices relies on the susceptibility to
soil erosion, considering the spatial and dynamic characteristics of the river basin.

Areas with low soil loss, primarily located in regions with low rainfall and dominated
by Ferrasols, are depicted in Figures 4a and 5a. It is important to note that Ferrasols and
Arenosols typically exhibit smooth slopes at higher and lower elevations, respectively.

This study defines the soil erosion risk as critical when it reaches moderate to high
or very high levels. These areas account for only 4% of the total CRB area but contribute
to 44% of the total annual soil loss (Table 3). Consequently, they should be prioritized for
conservation efforts due to their high soil erosion risks.

When comparing the modeled soil loss values with the tolerance limits (T values)
proposed by Nunes et al. [42] (Table 3), it is evident that some areas—particularly those
with Arenosols and subject to anthropogenic disturbances—exceeded the threshold of
10.48 t ha−1 yr−1. These exceedances were concentrated in the southwestern portion of the
CRB, where erosion processes are intensified by mining, sand extraction, and fragile soil
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structures. Such areas, although spatially limited, contributed disproportionately to the
total soil loss and were thus designated as high-priority zones for conservation planning.
The identification of these exceedances reinforces the relevance of using T values as a
reference to define critical areas for intervention in Amazonian landscapes. Although this
area represents a small fraction of the river basin, the combination of natural factors (sandy
soils and high rainfall) and anthropogenic factors (mining and sand extraction) results in
significantly higher erosion rates compared to other parts of the basin. This explains why
the soil loss in this region exceeds that observed in larger but less impacted areas.

Overall, the integration of GIS-based RUSLE modeling with geomorphometric indi-
cators and field validation distinguishes this study from previous research conducted in
other Brazilian basins. While studies such as Beskow et al. [54], Cunha et al. [55], and
Colman et al. [63] focused on different geomorphological settings and did not incorporate
terrain-based predictors or validation procedures, the present study offers a comprehensive
approach by including topographic, pedological, and anthropogenic variables. Moreover,
this is the first documented assessment of the soil erosion risk in the CRB, an environ-
mentally sensitive and data-scarce region of the Eastern Amazon. The methodological
framework adopted here contributes not only to regional erosion risk mapping but also
provides a replicable model for similar tropical basins facing intense land use pressure and
lacking detailed conservation planning tools.

Our findings align with previous research. Beskow et al. [54] reported an A factor of
5.0 t ha−1 yr−1, while Colman et al. [63], Lense et al. [3], and Cunha et al. [55] reported lower
values of 1.7 t ha−1 yr−1, 0.9 t ha−1 yr−1, and 0.5 t ha−1 yr−1, respectively. Additionally,
studies by Uddin et al. [59] and Zhang et al. [52] have also identified priority areas for
conservation in other basins. These studies collectively support the importance of our
findings in addressing soil erosion and conservation planning.

The rapid formation of furrows and ravines in the land, indicative of severe water
erosion, explains the alarming rate of soil loss in the CRB (Figure 8). Moreover, forest
changes are a critical factor influencing the erosion risk within tropical basins. As illustrated
in Figures 7a and 8, land use transitions from forest to secondary forest and subsequently
to pasture or regenerative pasture are prevalent. In the latter case, a cyclical pattern
emerges as fallow trees attempt to regenerate before reverting to pasture, as described by
Silva et al. [64].

In a study in Altamira, Pará, Silva et al. [64] concluded that secondary forests are
considered by families as “resource reserves” that enable them to expand their agricultural
activities. It shows that assessments for soil and water conservation must consider the
community in the long term. It might be necessary to develop awareness programs to
educate the local population about soil erosion and its consequences. This study, as the first
one on the soil erosion risk in the CRB, may contribute to the development of river basin
management strategies in the CRB, as it identifies priority areas with a high or very high
risk of soil erosion.

4.3. Model Uncertainties and Input Data Validation

In addition to the structural limitations of the RUSLE model, uncertainties related
to the input data also influence model outcomes. To evaluate the consistency of the
precipitation data, a double mass curve (DMC) analysis was performed.

Prior to this, an outlier test was conducted to ensure data reliability. The DMC analysis
showed good consistency among the rainfall stations in the study area, with coefficients of
determination (R2) ranging from 0.6434 to 0.7718. According to the adopted criteria, values
of R2 > 0.68 indicate acceptable model efficiency (Table 5).
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Table 5. Mean annual rainfall and coefficients of determination for each station.

Pluviometric Station Mean Annual Rainfall
(mm)

Coefficient of
Determination (R2) Status

Bragança 1714.2 0.6638 Medium fitting
Capitão Poço 1978.0 0.6434 Medium fitting

Marabá 1496.0 0.6889 Medium fitting
Paragominas 1457.1 0.7013 Strong fitting

Rondon do Pará 1513.7 0.7083 Strong fitting
Salinópolis 2167.9 0.6851 Medium fitting

Soure 2458.1 0.7718 Strong fitting
Tomé-Açú 2147.1 0.7324 Strong fitting

Tucuruí 1861.4 0.7635 Strong fitting

R2 = coefficient of determination calculated for accumulation of rainfall in a given station vs. accumulation of
mean rainfall in the surrounding stations.

These results suggest that the precipitation data used to calculate the R factor are
consistent and representative of the climatic patterns in the CRB, thus supporting the
validity of the erosion modeling results.

Figure 9 shows the double mass curve for the rainfall stations, illustrating the rela-
tionship between the cumulative rainfall at individual stations and the cumulative mean
rainfall of surrounding stations. The analysis revealed a medium association (R2 > 0.64 to
0.68) and a strong association (R2 > 0.70 to 0.77) between the cumulative rainfall at specific
stations and the mean rainfall of neighboring stations, indicating consistent spatial rainfall
patterns across the study area.

The rainfall distribution in the river basin is represented by the variation in the annual
precipitation values and differences in space–time variability between weather stations and
the accumulation of rainfall in a given station vs. the accumulation of mean rainfall in the
surrounding stations (Figure 8). It was not possible to evaluate the efficiency of the RUSLE
model based on the station data, because it was difficult to predict the rainfall erosivity.
There is a lack of rainfall distribution data in this region. However, the assessment of R can
be used to score potential regions with a high risk of soil erosion by water.

Figure 8 shows the soil erosion risk in flat regions with sandy soils, high rainfall
with high gravel, sand extraction activity, and mining activity in the southwest of the
CRB. Saha et al. [65] reported that the texture of the soil is predominantly loamy and
has moderate resistance against soil erosion. In the southwestern region of the basin, the
estimated soil loss (A) reached the highest values, surpassing the values in all other areas,
despite the limited spatial extent of this region.

Taking this into account, the authors of this study carried out field visits to several
locations across all soil erosion risk classes to provide an expert assessment of each (low,
low to moderate, moderate, moderate to high, high, and very high). The predictions
generated through the multiple linear regression (MLR) model, based on geomorphological
variables, were consistent with the erosion risk classes estimated by the GIS-integrated
RUSLE model. Field visits confirmed this compatibility across all risk classes. However, the
RUSLE model was not efficient in areas with gullies and mining. Gullies were identified
in smooth slope areas, which are critical areas affected by erosion. This is due to the
presence of quartzipsamments in the soil and sometimes to lithic contact lower than 50
cm in depth. In addition, sand and pebbles were extracted from certain areas during the
field visit (Figure 8b). This approach presented strong potential to aid the RUSLE model in
mapping the soil erosion risk. Nevertheless, it is necessary to combine the RUSLE model
with detailed soil maps.
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To validate this study, similar studies carried out in nearby areas under similar condi-
tions were used as a comparison [22,54,55,63] (Table 6). These studies are comparable and
are indirect evidence of the validity of the findings of this study.

Table 6. Comparison of soil loss estimations in the Caeté River Basin.

Study Area/Region Mean Annual
Rainfall (mm)

Mean Annual Soil
Loss (t ha−1 yr−1) Reference

Caeté River Basin 1865.94 2.0 This study
Grande River Basin 1356–1750 5.0 Beskow et al. [54]
Taboco River Basin 1369 0.5 Cunha et al. [55]

Amazon River Basin 2205 0.9 Lense et al. [22]
Guariroba Basin 1400 1.7 Colman et al. [63]

4.4. Limitations and Future Research

While the RUSLE model has demonstrated utility in estimating the average annual soil
loss, it is not without significant limitations. A primary constraint is its inability to account
for complex geomorphic processes, such as gully erosion, rill erosion, landslides, and
riverbank erosion, which are prevalent in regions with intense rainfall and anthropogenic
disturbances like mining and deforestation. These processes often dominate the sediment
yield in tropical environments, particularly in areas with steep slopes and highly erodible
soils (e.g., Arenosols). Furthermore, the model’s reliance on low-resolution input data
and uniform assumptions—such as the use of a constant P factor (P = 1) across the study
area—fails to capture the spatial heterogeneity of erosion drivers, leading to potential
inaccuracies in the soil loss predictions.

The multiple linear regression (MLR) analysis revealed that seven geomorphological
variables significantly influenced soil loss (p < 0.05), but, together, they explained only 26%
of its variability (R2 = 0.26). This relatively low explanatory power underscores RUSLE’s
limitations in capturing the full complexity of erosion processes—notably land management
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practices, vegetation cover, soil organic matter, and other anthropogenic factors, which are
absent from our model.

Although RUSLE has been widely applied in Brazilian basins within GIS environments
(e.g., [66]), its empirical basis constrains its ability to simulate dynamic phenomena such
as gully formation, sediment deposition, and seasonal variability. Future work should
therefore integrate higher-resolution inputs (e.g., LiDAR-derived DEMs, drone surveys,
time-series land use data, and detailed pedological maps) and adopt process-based models
(e.g., SWAT, WEPP) to better represent hydrological feedback and extreme events.

Additionally, investigating the interactions between natural and human drivers—
deforestation, agricultural expansion, and mining—will require detailed spatiotemporal
datasets and long-term field monitoring (e.g., sediment yield, gully evolution, and Césio-
137 for sediment tracing) to validate and refine the predictions. Finally, coupling RUSLE
with machine learning or hybrid frameworks (e.g., random forests, neural networks) offers
a promising path to enhance the accuracy by leveraging spatially explicit data on soils,
rainfall variability, and land use dynamics.

5. Conclusions
The multiple linear regression analysis revealed that geomorphological variables

explain a significant portion of the soil erosion variability, highlighting the complexity of
the erosive processes in the Caeté River Basin. The topographic wetness index (TWI) and
local and downslope curvature are important variables that influence erosion patterns,
underscoring the role of the topography in sediment transport. While most of the basin
exhibits a low erosion risk, critical areas, which account for only 4% of the region, contribute
to 44% of the total soil loss. Although the detailed mapping of sandy soils (Arenosols),
deforestation, and land use changes were considered in the study, further analysis is needed
to establish their exact roles as primary drivers of erosion. These findings emphasize the
need for effective conservation policies to address areas with the highest erosion risks.
While this study did not directly quantify the effects of deforestation or land use change,
the spatial coincidence between high erosion rates and anthropogenically modified areas
suggests a possible relationship that merits further investigation.

The GIS-integrated RUSLE model proved to be effective in mapping the erosion
risk patterns and in delineating priority areas for soil and water conservation within the
Caeté River Basin. However, the model’s empirical nature limits its ability to capture
more dynamic and complex processes such as gully formation, sediment deposition, and
seasonal variability. Therefore, future studies should explore more comprehensive ap-
proaches, such as SWAT or WEPP, incorporating temporal datasets, land use trajectories,
and anthropogenic pressure indices.

This research reinforces the utility of integrating RUSLE with GIS and remote sensing
tools to support sustainable land management planning in tropical basins. The findings
emphasize the importance of targeted soil conservation policies and the engagement of local
communities through awareness programs to mitigate erosion and promote the long-term
sustainability of the Caeté River Basin.
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