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ABSTRACT

Soil erosion directly affects agricultural productivity and water resource quality, but estimating soil loss is complex and
costly. This study proposes a machine learning (ML) approach to predict soil loss using selected factors from the Uni-
versal Soil Loss Equation (USLE) and the Normalized Difference Vegetation Index (NDVI). We applied the Random
Forest (RF) algorithm to train and validate two models using different combinations of predictors: (1) NDVI, topo-
graphic factor (LS), and land cover/management factor (CP); and (2) NDVI, LS, and soil erodibility factor (K). These
variables represent land use, conservation practices, and topographic conditions in the Sorocabugu River Basin (SRB),
part of Brazil's Atlantic Forest biome with high environmental and socioeconomic value. Soil loss was classified into
three classes (in ton/ha): low (0-10.0), moderate (10.1-50.0), and high (250.1). A total of 3348 samples were randomly
selected and proportionally distributed to reflect class representation across the study area. We used a 70/30 train-test
split and standardized parameters (50 trees and four variables per node) to enable reproducibility. The model using
NDVI, LS, and CP achieved 93.43% accuracy with a kappa index of 0.90. The performance was especially strong for
the low-loss class, the most prevalent in the area. The second model using NDVI, LS, and K achieved 97.14% accuracy
with a kappa index of 0.90, showing excellent results, particularly for the high-loss class, which poses the greatest envi-
ronmental risk. These models prove effective in identifying areas at risk of severe erosion using fewer, more accessible
parameters. The approach offers a scalable and practical tool for decision-makers, environmental managers, and public
agencies to monitor and mitigate soil degradation, particularly in sensitive and ecologically important regions.

Keywords: NDVI; Machine Learning; Topographic
Jactor (LS); Erosion processes.

Desempeiio del algoritmo Random Forest en la prediccién de la pérdida de suelo basada en valores

calculados por la USLE
RESUMEN

La erosion del suelo afecta directamente la productividad agricola y la calidad de los recursos hidricos; sin embargo, la
estimacion de la pérdida de suelo es un proceso complejo y costoso. Este estudio propone un enfoque de aprendizaje
automdtico (Machine Learning (ML)) para predecir la pérdida de suelo utilizando factores seleccionados de la Ecua-
cién Universal de Pérdida de Suelo (USLE) y el Indice de Vegetacién de Diferencia Normalizada (NDVI). Se aplicé el
algoritmo Random Forest (RF) para entrenar y validar dos modelos con diferentes combinaciones de variables predic-
toras: (1) NDVI, factor topografico (LS) y factor de cobertura y manejo del suelo (CP); y (2) NDVI, LS y factor de ero-
dabilidad del suelo (K). Estas variables representan el uso del suelo, las practicas de conservacion y las condiciones to-
pogrificas en la cuenca del rio Sorocabugu (SRB), ubicada en el bioma de la Mata Atlantica de Brasil, una region de alto
valor ambiental y socioeconémico. La pérdida de suelo se clasificé en tres categorias (en t/ha): baja (0-10,0), moderada
(10,1-50,0) y alta (250,1). Se seleccionaron aleatoriamente un total de 3348 muestras, distribuidas proporcionalmente
para reflejar la representatividad de las clases en el drea de estudio. Se utilizé una division de los datos del 70% para
entrenamiento y 30% para validacion, junto con pardametros estandarizados (50 arboles y cuatro variables por nodo)
para garantizar la reproducibilidad del analisis. El modelo basado en NDVI, LS y CP alcanzé una precision del 93,43%
y un indice kappa de 0,90, con un desemperfio destacado en la clase de baja pérdida de suelo, la mas frecuente en el area.
El segundo modelo, que utilizd NDVI, LS y K, obtuvo una precision del 97,14% y un indice kappa de 0,90, mostrando
resultados excelentes, especialmente en la clase de alta pérdida de suelo, que representa el mayor riesgo ambiental. Los
resultados demuestran que ambos modelos son eficaces para identificar dreas con riesgo de erosion severa utilizando
un conjunto reducido de parametros mas accesibles. Este enfoque constituye una herramienta préctica y escalable para
la toma de decisiones por parte de gestores ambientales y organismos publicos, contribuyendo al monitoreo y la miti-
gacion de la degradacion del suelo, particularmente en regiones sensibles y de gran importancia ecoldgica.

Palabras clave: NDVI; Aprendizaje automdtico; Factor
topogrdfico (LS); Procesos de erosion.
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1. Introduction

The latest report by the Food and Agriculture Organization of the United
Nations (FAO) warned that the planetary agricultural system, associated
with the interconnected network of soil, land, and water, is at breaking point
(FAO, 2023). Soil erosion is leveraging this discontinuity. It is responsible for
removing 75 billion tons of soil by 2050 and discarding 10% of the world’s
agricultural production (FAO, 2021).

Due to the impacts of soil loss on food production, water quality,
ecosystem services, and infrastructure, soil loss measurements and estimates
have become increasingly important (Boardman and Poesen, 2006; Ganasri
and Ramesh, 2016). However, its measurement is costly and localized, often
making it necessary to estimate methods that can consider this loss using
computational mathematical models.

Related studies show that the average global soil loss is between 12
and 15 tons per hectare per year, negatively impacting the environment and
human life (Zhang et al., 2021; Tanyas et al., 2015). Therefore, the models that
calculate its loss are fundamental for land use planning based on sustainable
development principles.

Among these models, the surface water erosion model should be
highlighted. It is considered the empirical model of the Universal Soil Loss
Equation (USLE) (Sheikh et al., 2011; Panagos et al., 2015) proposed by
Wischmeier e Smith (1978). It was designed to predict the average soil loss due
to surface water erosion over the long term and in areas under specific soil cover
and management conditions.

The USLE assumes that the amount of soil lost to water erosion is
conditioned by rainfall erosivity (R), soil erodibility (K), topography (LS),
soil cover or type of soil management (C), and the soil conservation practices
employed (P) (Wischmeier and Smith, 1978).

Given the above context and the numerous obstacles involved in
standardizing a model that covers all the peculiarities of soil loss, images from
Remote Sensing (RS) and geoprocessing techniques are currently widely used
to calculate the USLE (Pandey et al., 2007; Sheikh et al., 2011; Helmi, 2023).
They provide new ways to obtain estimates of its factors (Silva et al., 2017) and
new approaches, which are still very little tested based on Machine Learning
(ML) techniques (Cheng et al., 2018; Nguyen et al., 2019). Thus, they seek to
obtain more accurate estimates consistent with the nature of the erosion process.

Machine Learning (ML) techniques, such as the Random Forest (RF)
algorithm (Breiman, 2001), have proven effective for extracting information
directly from remote sensing data and topographic models without the need for
empirical model calibration (Cheng et al., 2018). An example is the study by
Santos et al. (2025), who applied RF to classify soil texture in the Sorocabugu
River Basin (SBR), achieving high accuracy in textural classification.
Complementarily, Poletti et al. (2025) employed Fuzzy Logic to map land-use
suitability in the same basin, demonstrating the usefulness of approximate-
logic-based methods for integrating environmental variables and identifying
land-use conflicts.

Therefore, this study aims to (1) evaluate the performance of the RF
classifier in predicting soil loss in a river basin using only two of the parameters
comprising the USLE and coupled with the Normalized Difference Vegetation
Index (NDVI); (2) identify the USLE factor that most influenced the prediction
model for the study area; and (3) analyze the metric performance of each class
in the models generated.

Despite advances in modeling techniques applied to watershed studies,
an important gap remains: the strong dependence on large data volumes and
the inherent complexity of traditional soil-loss estimation models, such as the
USLE. In many contexts, however, these data are scarce, difficult to obtain,
or characterized by high uncertainty. In this scenario, the present study
proposes an alternative method based on machine learning (ML), capable of
estimating soil loss using a reduced set of USLE variables while preserving the
representativeness of the basin’s environmental conditions and increasing the
applicability of the model in data-limited areas.

2. Materials and methods

2.1 Study Area

Part of the Atlantic Forest biome (IBGE, 2021), the SRB (Figure 1)
covers 202.67 km?. It is located in the municipality of Ibitina, Sdo Paulo (SP),
occupying approximately 19% of its land area. It is also located within the
Itupararanga Environmental Preservation Area (EPA), covering 22% of its
spatial extension (Maia Jinior and Lourengo, 2020; Paula, 2025). Thus, it is of
great environmental importance.

Figure 1. Geographic location of the Sorocabugu River basin.
Source: The Authors (2024).

Regarding the climate, Dubreuil (2017) updated the Koppen (1948)
classification of the area in which the SRB is located. It is of the Cwa type from
50 to 80%. It belongs to the subtropical climate of dry winter and hot summer,
with average temperatures below 18° C and 47.5 mm per month of rainfall and
averages above 22° C and 196 mm per month of rainfall, respectively.

Currently, the river basin has a low population density. However, there
are small rural properties (Santos et al., 2025). Although some areas are suitable
for temporary and permanent crops, this predominance is limited mainly by the
risk of erosion, which is favored by its topography (Andreoti, 2012).

The SBR exhibits a set of pedological characteristics that increases its
susceptibility to erosion. According to Rossi (2017), the area is predominantly
composed of Latosols (89.26%), with smaller occurrences of Gleysols (10.48%)
and Cambisols (0.26%). Red-Yellow Latosols, developed under intense
weathering of Precambrian crystalline rocks such as granites and gneisses,
are typically deep and well-drained but tend to show low natural fertility and
reduced nutrient-retention capacity (EMBRAPA, 2018).

When combined with the steep slopes found in the region, these
pedological attrna intensify the risk of soil loss, reinforcing the need for more
robust and efficient approaches to assess erosionnability (Arantes 2024b;
Toniolo et al., 2024; Costa et al., 2025).

3. Methodological procedures

USLE Data Preparation and Classification

We designed the USLE information plans based on the methodology
proposed in Silva et al. (2017). First, we standardized all the data (R, K, LS,
and CP) into the matrix format (raster). The CP factor considered the types of
land use, management, and conservation practices employed. We interpreted
the final result into three soil loss classes (Table 1).
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Table 1. Soil loss classes according to the Universal Soil Loss Equation (USLE).
Source: The Authors (2024).

Amount of Soil Loss (ton.ha™) Classification Class
0.0-10.0 Low 1
10.1-50.0 Moderate 2

>=50.1 High 3

Then, we used the LS, K, and CP factors in the RStudio software (RStudio
Team, 2023) for validation purposes. We chose to work with two USLE factors
in each prediction model added to the NDVL

First, we carried out the modeling with the LS, CP, and NDVI factors
(Model 1). After that, we used the LS, K, and NDVI factors (Model 2). We chose
these parameters based on the agricultural and topographical characteristics of
the study area.

Thus, it is worth noting that we disregarded the R factor in both models
and used the LS factor in both because the river basin has a high degree of slope
and ramp length.

We disregarded the R factor based on the results of Arantes (2024b) and
Silva et al. (2017). In the first study, erosivity values were obtained from the
erosivity database of the State of Sdo Paulo (SP-Erosividade), which compiles
historical series from the National Water Resources Information System. The
authors reported an average value of 8,636 MJ.mm/ha.h.year and a range of
only 240 MJ.mm/ha.h.year for the watershed study, evidencing low spatial
variability. Silva et al. (2017) also observed a practically homogeneous behaviour
of erosivity for the adjacent watershed these authors used nearby meteorological
stations without any being located within the low number of meteorological
stations as a limitation for calculating erosivity in this study area.

In the Brazilian context, the low density of rain gauge stations in relation
to the country’s territorial extension is recognized, which compromises
the spatial representation of high-resolution dependent variables, such as
dependentessivity. Under these conditions, the spatial interpolation of erosivity
becomes limited, and traditional methods —such as Thiessen, isohyets,
weighted averages, or geostatistical tools— may incorporate uncertainties
when applied in areas with few available rain gauge stations.

Considering that there is not a sufficient number of rain gauge stations
in the basin or its surroundings to calculate erosivity with a spatial distribution
(Arantes et al., 2024b; Silva et al., 2017), both indicating low spatial variability
of erosivity with low amplitude of values, it was decided to disregard the R
factor in the models, assuming it as constant, since it would have little influence
on the model proposed in this study.

Xiao et al. (2021) and Ghosal and Das Bhattacharya (2020) also
highlighted the importance of the LS parameter. They obtained results
indicating that the volume and rate of cumulative runoff increase as the slope
length becomes steeper. Furthermore, both studies pointed out that increasing
the slope also increases the runoft speed, contributing to soil erosion.

Kashiwar et al. (2022) and Kulimushi et al. (2021) also pointed out that
the LS factor and soil erosion have a direct relationship. In other words, runoff
erosion tends to be high when the slope’s length and steepness are high, and
vice versa. Finally, they concluded that the LS factor in a river basin impacts
soil loss.

NDVI calculation, sampling and data integration

We calculated the NDVI shown by Rouse et al. (1973) using the Qgis
software, version 3.30.1(Qgis, 2023). Thus, we used bands four (B4) and three
(B3) of the CBERS satellite from a scene dated August 29, 2020. We chose
the satellite and its date to maintain the spatial resolution standard of the study
conducted by Arantes (2024b), which we used as the basis for calculating the
USLE factors here.

We calibrated the model by proportionally sampling the pixels according
to each class in Table 1. Therefore, we randomly predicted 3348 samples at the
centroid of each pixel: a) 1036 samples for the low class; b) 1275 samples for
the moderate class; and ¢) 1037 samples for the high class.

Then, we reclassified the soil loss classes from text to numerical format:
low = 1; moderate = 2; and high = 3. This step was necessary due to the
characteristics of the class format required by RF. In order to do so, we used the
r.reclass tool in the Qgis software.

‘We merged the matrix files containing the USLE factors and the NDVI in
the RStudio software. This procedure was necessary to obtain a data matrix in
which each column comprised a predictive variable (USLE and NDVI factors)
and a dependent variable (soil loss classes).

It is worth noting that when stacking matrix files, the data values are not
modified, as the program’s native ‘stack’ function transforms a list of data into
a single column, which is then used in mathematical models. Finally, for the
model’s training (calibration), we decided to use the standard 70/30 ratio. In
other words, 70% of the samples are for training and 30% for testing.

Model training, evaluation and exporting

In order to program the model, two parameters had to be set: a) the
number of trees (ntree) and b) the number of features in each division (ntry).
Studies claim that satisfactory results can be achieved with the standardized
values of the (Zhang and Roy, 2017; Noi and Kapas, 2018) algorithm.

Therefore, Breiman (2001) ratifies that using more trees than required
may be unnecessary, not detrimental to the model, but rather to computational
performance. Thus, the author recommends an ntree value of up to 100. This
study included different tests using the Out Of Bag (OOB) error to assess the
best number of trees for the model since this parameter uses the ratio between
the wrong classifications and the total number of elements sampled, resulting in
a generalization estimate (OOB) (Breiman, 2001).

It is worth noting that the variation for fewer or more trees and nodes and
the variation in training and test samples did not show significant differences.
However, we decided to work with 50 ntress and 4 ntrys because, given the
variability of river basins’ chemical and biophysical parameters, future studies
can use this quantity and obtain satisfactory results.

Figure 2 shows an example of training and validation behavior based on
the classes (Table 1) used here.

Figure 2. Application of RF in USLE prediction. Source: The Authors (2024).

Moreover, we evaluated the relative importance of the different input
factors in the classification. This step is important for verifying how each
predictive variable influences the generated classification model (Ghimire et
al., 2010). Thus, we used the Gini criterion (Equation 1), obtained from the
difference between the Gini, , before and after splitting the node (Equation 2)
(Filho, 2014).

M

c
Ginijpgex (node) =1 — Zp
o1

i
né

Where: p(i/node) is the proportion of class i in the node.
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Gini = Ginijpqex (father) — Zjn:l [N 1(\;]) Giniipgex <Vj>} (2)

Where: n refers to the number of child nodes, N is the total number
of observations of the parent node, and N(vJ) is the number of observations
associated with the child node v.

In order to check the algorithm’s performance, we cross-checked the
information calculated from the USLE with that predicted by the classifier. We
used the global accuracy metric (Accuracy), which is mathematically defined as
the proportion of the number of predictions made correctly by the algorithm for
the total data set (Equation 3), and the kappa index, calculated from the (Weiss
and Zhang, 2003) confusion matrix.

It is worth noting that all the methodological and statistical procedures
used here adopted a 95% confidence level. Regarding the performance
measurement of the models generated, we analyzed Sensitivity, Specificity,
Pos. Pred. Value (PPV), and Neg. Pred. Value (NPV) of each class.

In this case, Sensitivity (Equation 4) is explained by the percentage of
(positive) hits predicted in the real cases in each soil loss class. Meanwhile,
Specificity (Equation 5) represents the percentage of that same real case being
predicted as negative in the other classes (Glaros and Kline 1988; Van Stralen et
al. 2009). On the other hand, PPV (Equation 6) indicates the percentage of cases
correctly identified as true. Meanwhile, NPV (Equation 7) indicates the number
of cases correctly identified as negative.

We must emphasize that we used the Balanced Accuracy metric
(Equation 8) in addition to Accuracy because, in the presence of unbalanced
data, the Accuracy metric may not provide adequate information regarding the
classifier’s performance and could be misleading.

Thus, if the classifier performs equally well in the three soil loss classes
analyzed, this metric will be similar to conventional Accuracy. However,
suppose this measure is high simply because the classifier does a good job
of classifying the majority class and does not do a good job of predicting the
minority class in an unbalanced data set. In that case, Balanced Accuracy will
reflect it with a low result.

TP +TN

Accuracy = 5 TN 7 FP 7 FN &)
Sensitivity = —1
ensivity = m—m (4)
. TN
Speci ficity = TN 7 FP )
TP
PPV = 7p 7P (6)
TN
NPV = N TFN @)

Sensitivity + Speci ficity

2 ®)

Balanced accuracy =

Where: TP = True Positives, TN = True Negatives; FP = False Positives,
FN = False Negatives.

Finally, we exported the generated classifications, containing the
classification models using NDVI, LS, and CP and NDVI, LS, and K so that the
layout could include the standard USLE and the generated model. We carried
out this procedure using the Qgis software.

3. Results

When using the LS and CP factors as USLE predictive variables, coupled
with the NDVI index, the classifier achieved an accuracy of 93.43% and a

kappa index of 0.9009. The OOB error estimate was 5.12%, and Table 2 shows
the confusion matrix for this evaluation.

Table 3 shows the statistical characteristics of each class after model
classification. Figure 3 shows the USLE soil loss classification and the model
generated using the analyzed factors.

Table 2. Confusion matrix of the training and the soil loss map predicted by the RF,
using the LS, CP and NDVIL
Source: The Authors (2024).

Training

Class Low Moderate High Error
Low 699 26 0 0.03586207
Moderate 20 835 37 0.06390135
High 0 37 689 0.05096419
OOB Error Rate 5.12%

Prediction
Class Low Moderate High Error
Low 297 9 0 0.02941176
Moderate 14 355 24 0.12213740
High 0 19 287 0.06209150
Average 0.07121355
Table 3. Statistics of the classes.
Source: The Authors (2024).
Class

Statistics Low Moderate High
Sensitivity 0.9550 0.9269 0.9228
Specificity 0.9870 0.9389 0.9726
Pos Pred Value 0.9706 0.9033 0.9379
Neg Pred Value 0.9800 0.9542 0.9657
Balanced Accuracy 0.9710 0.9329 0.9477

Figure 3. Soil loss map — USLE — (a) and the model generated by the RF using the
LS and CP factors and the NDVTI index (b).
Source: The Authors (2024).

When using the LS and K factors as USLE predictive variables, coupled
with the NDVI index, the classifier achieved an accuracy of 97.14% and a
kappa index of 0.9015. The OOB error estimate was 6.79%, and Table 4 shows
the confusion matrix for this evaluation.

Table 5 shows the statistical characteristics of each class after model
classification. Figure 4 shows the USLE soil loss classification and the model
generated using the analyzed factors.
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Table 4. Confusion matrix of the training and the soil loss map predicted by the RF, using LS, K and NDVI.

Source: The Authors (2024).
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Training

Class Low Moderate High Error
Low 657 66 2 0.09379310
Moderate 24 841 27 0.05717489
High 0 40 686 0.05509642
OOB Error Rate 6.79%

Prediction
Class Low Moderate High Error
Low 281 8 0 0.02768166
Moderate 30 361 10 0.09975062
High 0 14 301 0.04651162
Average 0.0579813
Table S — Statistics of the classes.
Source: The Authors (2024).
Class
Statistics Low Statistics Low

Sensitivity 0.9035 0.9426 0.9678
Specificity 0.9885 0.9357 0.9798
Pos Pred Value 0.9723 0.9002 0.9556
Neg Pred Value 0.9581 0.9636 0.9855
Balanced Accuracy 0.9460 0.9391 0.9738

Figure 4. Soil loss map — USLE — (a) and the model generated by the RF using the
LS and K factors and the NDVTI index (b). Source: The Authors (2024).

The LS factor was the most important parameter for the generated
model in both cases analyzed. It showed a value of 1200 Mean Decrease Gini.
Meanwhile, the CP and K factors showed an average value of 200, and the
NDVI showed a value of 190.

Discussion

Based on the performance metrics presented by each generated model,
the RF algorithm generally performed satisfactorily in predicting the USLE.

The significance of the LS factor for generating the model in both
cases indicates that the SRB strongly depends on the slope and ramp length
regarding the drag of soil particles, as shown by Arantes (2024b). The author(s)
found that for the same area, the highest values of this parameter occurred
predominantly in the southern portion of the river basin, which is characterized
by having the highest slope values. Comparable results were also reported by

Santos et al. (2025), who applied the RF algorithm in the same basin (SRB)
to classify soil texture and similarly identified a strong influence of topographic
characteristics on predictive patterns.

Silva et al. (2017) found similar results, in which the topographic
condition was the most important factor in calculating soil loss in a river basin
close to the area analyzed here and was used as a key variable for extrapolating
soil loss values.

These results point to the need for proper soil management in the study
area. This type of situation, related to water erosion processes, reduces the
productivity of the land since it removes the fertile soil that contains most of the
essential nutrients for plants and microorganisms. Furthermore, soil depletion
can occur rapidly over a short period of months if use practices that do not
respect the characteristics of its constitution are employed. As a resu It, there
is a current or potential loss of productivity and a severe environmental and
socio-economic problem (Pacheco et al., 2018; Yang et al., 2020). A recent
socioeconomic-scale study in the SRB itself (Arantes et al., 2024a) also points
to inequalities and vulnerabilities that worsen in areas subject to environmental
degradation, reinforcing the need for more efficient predictive tools.

It is already known that the intensification of erosion, dragging, and
transportation of soil particles from higher areas to lower areas degrades the
soil (Bertoni and Lombardi Neto, 1999; Lepsch, 2010) and water resources. In
this context, the results point to a significant susceptibility to sedimentation and
deterioration in the quality of water bodies since the erosion of soil sheets and
furrows, coupled with the dragging of particles, also contributes to it.

Furthermore, it is advantageous for the key variables in soil loss models to be
morphometric since they can be easily calculated from a Digital Elevation Model
(DEM), for example, or from simple spatial analysis techniques. Both techniques
can be analyzed remotely, obtaining quick and accurate results within a short period
without the need to make decisions using time-consuming techniques.

On the other hand, although the R factor is a fundamental component of
the USLE, its reliable spatial estimation requires a network of meteorological
stations, historical series, and data capable of adequately representing the
spatial distribution of rainfall. In the case of the study area, the availability and
distribution of rain gauge stations are not sufficient to generate an erosivity
surface with adequate precision.
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In addition, studies carried out in areas with similar characteristics (Silva et
al., 2017; Arantes, 2024b) indicate that the spatial variability of erosivity is very
low at these scales, resulting in practically constant values. Thus, considering
both the limitations of rainfall data and the reduced expected variability of the
R factor, it was decided not to include it as a predictor variable in the modeling,
in order to avoid introducing additional uncertainties into the model.

In addition, while using conventional mathematical models involves
a complex approach and requires high computational power, the models
generated by ML can achieve satisfactory results based on parameters that are
easy to obtain, as shown by the statistical analysis (Table 3 and Table 5).

From this perspective, it is worth noting that soil erosion rates are higher
than the production of this natural resource, and this situation is driven by
predatory agricultural practices (Amundson et al., 2015). In South America,
this loss can reach approximately 10 tons ha.year!, while in Brazil losses can
reach 4.9 10 tons ha'.year' (Yang et al., 2003).

Therefore, given the increase in agroforestry areas with inadequate
management and their respective environmental problems, there is a growing
need to estimate the spatial distribution of areas with erosion potential in a faster
and simpler way. However, as Cheng et al. (2018) pointed out, there is a lack
of appropriate approaches to this type of issue. However, we believe that the
methodology presented here can fill this gap.

Regarding the training and modeling statistics, the most significant errors
occurred between the moderate and high soil loss classes. However, the error
values were insignificant compared to the performance of the accuracy, kappa
index, and metrics for each class, which indicates the relevance of the results
presented. Furthermore, when analyzed together, the performance metrics for
each soil loss class indicate an excellent performance of the models generated.

Regarding Sensitivity and Specificity, we found values above 90%, with
emphasis on the low class of the model containing NDVI, LS, and CP (95% and
98%, respectively) and the high class of the model generated by NDVIL, LS, and
K (96% and 97%, respectively).

Regarding the PPV and NPV of the predicted values, the two generated
models showed excellent performance for the low class. It is worth noting
that this class was the most representative in the study area, indicating the
algorithm’s prediction efficiency. We can also point out that the high class,
an important parameter to be analyzed in soil loss, also achieved excellent
performance in these metrics.

Sensitivity indicates how the model works. Therefore, values of this
parameter combined with Specificity close to one corroborate and increase the
results’ reliability according to correlated studies (Tarek et al., 2023; Kulimushi et
al., 2023). Thus, we can infer that the generated models are around 90% efficient.

Given the results presented by the Balanced Accuracy of each class, the
high values showed excellent performance regarding the generated models,
indicating that this type of prediction was able to strongly analyze whether the
soil loss class would be low, moderate, or high.

It is worth highlighting the performance of the low soil loss class based
on the model generated using LS, CP, and NDVI and of the high class when the
model comprised the LS, K, and NDVI factors. It should also be noted that the
moderate class showed constant values in both training sessions.

Finally, it is also worth noting that the results presented here proved
to be excellent compared to conventional models and with similar results to
other Artificial Intelligence (AI) techniques, such as the use of Artificial Neural
Networks (ANN), according to He et al. (2024). The author(s) concluded that
the most critical advantage of using ANNS is that they can estimate soil erosion
with high precision and speed. However, they are limiting regarding the data’s
accuracy because they require assigning weights to each parameter.

Given this limitation and the results presented here, we believe that the
RF algorithm provides more efficient results for such modeling. However,
while the two generated models help estimate soil loss, they are not designed
to estimate gully erosion, which involves hydrological complexes and is a
more advanced level of soil erosion. Thus, it is a limitation of the technique
presented. Even so, the results presented can be used to plan and implement
soil conservation measures. They help identify areas prone to erosion in
locations with similar socio-environmental and economic characteristics and
environmental parameters.

If conservation measures are applied in the areas of critical soil loss
identified by the model, they will directly contribute to the United Nations
Sustainable Development Goals (SDGs), especially SDG 2 (Zero Hunger

and Sustainable Agriculture) and SDG 15 (Life on Land). Monitoring
and mitigating erosion promote more fertile soils, increase agricultural
productivity sustainably, and protect terrestrial ecosystems, reducing the risks
of environmental degradation and associated economic losses (Simonetti et al.,
2022; Rizzo et al., 2024; Nery et al., 2024). Furthermore, by preserving soil
quality and water resources, the model helps reduce socioeconomic inequalities
in rural communities, strengthening environmental and social resilience in the
face of intensive agricultural practices (Nery et al., 2025).

Finally, it is worth mentioning that degraded areas need recovery
projects, mainly to restore organic matter in the soil, reducing compaction,
erosion potential, and increasing organic carbon levels, in addition to requiring
inter-institutional action in conjunction with rural producers to promote more
sustainable agricultural systems (Nery et al., 2023). Moreover, ensuring that
agricultural systems are resilient, act in a conservationist manner, and ensure
the conservation, recovery, and sustainable use of terrestrial ecosystems is an
integral part of these SDGs (UN, 2023).

5. Conclusion

The RF classifier effectively predicted the soil loss classes calculated
by the USLE, as shown by the excellent Accuracy and kappa values. Thus,
we believe that by using this soil loss model with field-measured values as a
reference, we can expect agreement that is at least equivalent to the estimates
made by the USLE.

The predominance of the LS factor in the model indicates that the river
basin strongly depends on slope and ramp length. This parameter should always
be considered in small and medium-sized river basins. However, given its
homogeneity, the R factor can be considered constant in these cases.

Analyzed together, the performance metrics also showed excellent
values, which is directly reflected in the overall values of the generated models
(Accuracy and kappa). Thus, no model or class performed much better than
the others. Therefore, when considering the Balanced Accuracy values for each
class, we understand that depending on the study area, the LS, CP, NDVI and
LS, CP, and K parameters can be used to estimate local soil loss.

Finally, future studies evaluating the accuracy of machine learning
approaches regarding data measured in the field will be important to consolidate
the effectiveness of these procedures in estimating soil loss. However,
the generated model can be a decision-making aid for agricultural and
environmental managers and public authorities. Management and inspection
agencies can use it to identify areas prone to erosion and apply the necessary
conservation measures.

Furthermore, the results confirm the potential of ML techniques as tools
to support environmental management, allowing for more precise identification
of critical areas susceptible to erosion. This information strengthens territorial
planning by supporting conservation practices, agricultural management
strategies, and the definition of priority areas for recovery. Such applications
broaden the model’s usefulness for public policies aimed at soil and water
resource conservation, as well as opening opportunities for future studies that
integrate new data and improve the prediction of erosive processes.
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