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Abstract
The modeling of  areas susceptible to soil  loss due to hydro-erosive processes consists  of  methods that  simplify reality to predict  future behavior
based on the observation and interaction of a set of geoenvironmental factors. Thus, the objective of the current analysis is to predict susceptibility
to soil loss and map areas with the potential risk of erosion using the principles of Binary Logistic Regression (BLR) and Artificial Neural Networks
(ANN).  The  hydrographic  sub-basin  of  the  Sete  Voltas  River  (330  km2),  Rondônia,  Brazil,  was  defined  as  the  experimental  area.  Models  were
obtained using 100 sample units and 14 predictor parameters. Susceptibility was mapped based on five reference classes: very low, low, moderate,
high, and very high. ANN obtained an area under the curve (AUC) of 0.808 and global precision of 79.2%, and the BLR model showed an AUC of
0.888 and global precision of 77%. Potentially susceptible areas represent 57.71% and 54.80% of the area for BLR and ANN models, respectively.
The  greatest  potential  risks  are  verified  in  places  with  no  vegetation  cover  associated  with  agricultural  practices.  The  technique  proved  to  be
effective, with adequate precision and the advantage of being less time-consuming and expensive than other methods.  

Keywords: Binary Logistic Regression; Artificial Neural Network; Erosion Susceptibility. 

Resumo / Resumen
MODELAGEM PREDITIVA APLICADA AO MAPEAMENTO DE RISCO POTENCIAL DE EROSÃO DE SOLOS NA AMAZÔNIA
OCIDENTAL 

A  modelagem  de  áreas  suscetíveis  à  perda  de  solo  por  processos  hidroerosivos  consiste  em  um  instrumento  simplificado  da  realidade  com  a
finalidade  de  prever  comportamentos  futuros  a  partir  da  observação  e  interação  de  um conjunto  de  fatores  geoambientais.  À  face  do  exposto,  a
corrente análise  tem como objetivo prever  a  suscetibilidade à  perda de solo por  evento hídrico e  mapear  as  áreas com risco potencial  de erosão,
utilizando os princípios de Regressão Logística Binária (RLB) e Redes Neurais Artificiais (RNA). Para tanto, definiu-se a sub-bacia hidrográfica do
rio Sete Voltas (330 km2) como área experimental no município de Colorado do Oeste/RO, sul da Amazônia brasileira. Inicialmente, foi concebido
o mapa de inventário de erosão de solo com 100 unidades amostrais e 14 parâmetros preditores que englobasse aspectos ambientais, topográficos e
geológicos. A suscetibilidade foi mapeada com base em cinco classes de referência: muito baixa, baixa, moderada, alta e muito alta. A RNA obteve
área  sob  a  curva  (AUC)  de  0,808  e  precisão  global  de  79,2%;  o  modelo  RLB  apresentou  AUC  de  0,888  e  precisão  global  de  77%.  As  áreas
potencialmente susceptíveis representam 57,71% e 54,80% da área para os modelos RLB e RNA, respectivamente. Os maiores riscos potenciais são
verificados em locais sem cobertura vegetal associada às práticas agrícolas. A técnica mostrou-se eficaz, com precisão adequada e com a vantagem
de ser menos demorada e onerosa em relação a outros métodos.  

Palavras-chave: Regressão Logística Binária; Rede Neural Artificial; Suscetibilidade à Erosão. 

MODELACIÓN PREDICTIVA APLICADA AL MAPEO DE RIESGO POTENCIAL DE EROSIÓN DEL SUELO EN LA AMAZONÍA
OCCIDENTAL 

La modelación de áreas susceptibles a la pérdida de suelo por procesos hidroerosivos consiste en un instrumento simplificado de la realidad con el
propósito de predecir comportamientos futuros a partir de la observación e interacción de un conjunto de factores geoambientales. En vista de lo
anterior, el presente análisis tiene como objetivo predecir la susceptibilidad a la pérdida de suelo por evento hídrico y mapear las áreas con riesgo
potencial de erosión, utilizando los principios de Regresión Logística Binaria (RLB) y Redes Neuronales Artificiales (RNA). Para ello, se definió la
subcuenca  del  río  Sete  Voltas  (330  km2)  como  área  experimental  en  el  municipio  de  Colorado  do  Oeste/RO,  sur  de  la  Amazonia  brasileña.
Inicialmente,  se  diseñó  el  mapa  de  inventario  de  erosión  del  suelo  con  100  unidades  de  muestreo  y  14  parámetros  predictores  que  abarcaban
aspectos ambientales, topográficos y geológicos. La susceptibilidad fue mapeada con base en cinco clases de referencia: muy baja, baja, moderada,
alta y muy alta. La RNA obtuvo un área bajo la curva (AUC) de 0,808 y una precisión global del 79,2%; el modelo RLB presentó un AUC de 0,888
y una precisión global del 77%. Las áreas potencialmente susceptibles representan el 57,71% y el 54,80% del área para los modelos RLB y RNA,
respectivamente. Los mayores riesgos potenciales se verifican en sitios sin cobertura vegetal asociada a prácticas agrícolas. La técnica demostró ser
eficaz, con una precisión adecuada y con la ventaja de requerir menos tiempo y ser menos costosa en comparación con otros métodos.  

Palabras-clave: Regresión Logística Binaria; Red Neuronal Artificial; Susceptibilidad a la Erosión 
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INTRODUCTION 
The mapping of areas with the potential for erosion is of fundamental importance considering the

current  environmental  dynamics  in  the  southern  region  of  the  Brazilian  Amazon.  Unplanned  human
settlement,  as  a  consequence of  government  policies  and initiatives,  has  caused significant  changes  in
the  surface  characteristics  of  the  soil,  favoring  the  development  and  evolution  of  erosive  processes
(FONSECA, 2017). 

The unique context of the Amazon is the result of a combination of factors, including geological,
geomorphological, vegetation, and the predominant climate since the Mesozoic. For example, in terms
of  geology,  the  study  area  in  Rondônia  State,  Brazil,  is  a  sedimentary  basin  primarily  made  up  of
crystalline  and  sedimentary  formations  originating  from  a  range  of  periods,  from  the  Archean  to  the
Holocene.  The  geomorphology  is  formed  by  a  flattened  relief  with  depressions,  and  the  vegetation  is
quite diverse with current phytophysiognomies including savanna, Cerrado, and forest domains (CPRM,
1999; PLANOFLORO, 1998). 

In the study area, there is a predominance of anthropogenic landscapes, represented by cultivated
pastures,  agriculture,  and  secondary  vegetation  at  various  stages  of  forest  succession.  Forest  remnants
are made up of small, isolated fragments across the region. In the Amazon, these and other factors are
responsible for substantial soil loss every year due to erosion (TAKAKI, 2002; ARRUDA et al.  2004;
FONSECA, 2017),  with  significant  consequences  for  the  maintenance of  agricultural  productivity  and
the value of rural properties. 

In general, erosion that occurs in the Amazon is accelerated due to human interference, which has
been  particularly  acute  since  the  1970s,  when  a  series  of  negative  environmental  events  such  as
deforestation, fire, logging, and encroachment of the agricultural frontier resulted in an imbalance in the
soil-vegetation equilibrium (ALBUQUERQUE; VIEIRA, 2014). 

Thus, the problems resulting from soil loss are diverse and are concerning due to deterioration in
soil quality and function (MOSAVI et al. 2020, ROY; SAHA, 2021). Predicting which areas are more
sensitive to environmental problems enables us to recommend the best ways to implement development
projects and promote greater environmental sustainability (XING et al. 2021). 

The mapping of areas with potential risk of soil loss offers a representation of current knowledge
about  land  use  in  relation  to  responses  to  erosive  processes.  From this,  it  is  possible  to  identify  areas
susceptible to diverse aspects of environmental impacts caused by land use (ARABAMERI et al. 2021). 

The  identification  and  understanding  of  the  triggering  factors  of  erosive  processes  have  been
facilitated by advances in techniques such as artificial intelligence, algorithms, GIS, and remote sensing
(AL-NAJJAR;  PRADHAN,  2021).  These  techniques  allow  for  the  straightforward  assessment  of  the
state of soil degradation, both over time and at specific points, and in areas that are difficult to access,
thus contributing significantly to the study of soil erosion. 

There are several techniques for modeling susceptibility to soil loss, including: logistic regression
(RAJA et al. 2016); information value (SARKAR et al. 2013); conditional probability (RAHMATI et al.
2017);  frequency  ratio  (MELIHO et  al.  2018);  entropy  index  (JAAFARI  et  al.  2014);  certainty  factor
(SOMA;  KUBOTA,  2018);  Frequency  radio  (WANG  et  al.  2016);  weights  of  evidence  (WOE)
(GOYES-PEÑAFIEL;  HERNANDEZ-ROJAS,  2021);  fuzzy  logic  and  neuro-fuzzy  (YAVARI  et  al.
2018);  artificial  neural  networks  (ANN)  (SHAHRI  et  al.  2019);  support  vector  machine  (LEE  et  al.
2017);  adversary  generative  network  (AL-NAJJAR,  PRADHAN,  2021);  and  convolutional  neural
network (MEENA et al. 2021), among others. 

For  this  study,  we  chose  to  use  binary  logistic  regression  (BLR)  and  artificial  neural  networks
(ANN).  The  choice  of  a  BLR model  is  due  to  the  high  degree  of  reliability  and  ease  of  dealing  with
categorical  independent  variables.  According  to  Bissacot  (2015),  logistic  regression  models  are  a
standard technique that are well established as tools to aid in decision making. 

On the  other  hand,  the  ANN model  was  chosen because  of  its  simplicity  and efficiency.  ANNs
can  deal  with  complex  data,  identify  subtle  patterns  present  in  the  training  input,  and  solve  problems
with unidentified patterns occurring in the input data (CONFORTI et al. 2014). 

Logistic regression is a statistical technique that produces a model to predict values. Therefore, it
is a well-recognized and widely applied nonlinear system used to predict the probability of presence or
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absence  of  a  dependent  variable  outcome  for  a  set  of  predictor  variables,  that  can  be  continuous,
discrete, or a mixture of both (SARKAR; MISHRA, 2018). 

A  regression  model  can  be  defined  as  a  mathematical  equation  that  expresses  the  relationship
between variables. It assesses the likelihood of an observation belonging to each group, estimating the
probability that an observation belongs to a certain group (MALHOTRA, 2019). 

ANNs,  in  turn,  are  applications  of  artificial  intelligence  (VAEZI  et  al.  2020),  that  contain  an
interrelated set of artificial neurons that process information using a connectionist computation formula
(AL-SHAWWA;  ABU-NASER,  2019).  They  are  naturally  more  versatile,  powerful,  and  scalable,
making  them  ideal  for  handling  high-complexity  machine  learning  tasks  (GERON,  2017).  ANNs
simulate the functioning of a neuron using mathematical equations and consist of a network of artificial
neurons in which logical information or numerical values can be processed to generate an output or an
answer. 

Considering this context, and based on an informed selection of geoenvironmental predictors, this
study  used  BLR statistical  treatments  and  ANN machine  learning  to  build  models  of  susceptibility  to
soil erosion due to hydric events in the southern region of the Western Amazon, Brazil. 

MATERIAL AND METHODS 
LOCATION  AND  CHARACTERISTICS  OF  THE
EXPERIMENTAL AREA 

The  research  was  undertaken  in  the  western  Amazon,  Rondônia  State,  Northern  Brazil.  The
experimental  area  is  a  hydrographic  sub-basin  (Sete  Voltas  River)  with  an  area  of  330.49  km2
(13°04'45.329” S / 60°30'42.942” W) in the municipality of Colorado do Oeste (Figure 1). 

The  average  annual  rainfall  is  1,900  mm  per  year-1  (FONSECA,  2017).  Based  on  the  Koppen
classification, the predominant climate is Tropical Rainy (Aw), with an average air temperature during
the  coldest  month  greater  than  18  °C  (megathermal)  (SEDAM,  2010).  The  average  annual  air
temperature  is  high  and  uniform,  with  variation  of  the  average  between 24  and  26  °C (VIEIRA et  al.
2014). The dry period is characterized by three months with rainfall of less than 50 mm (June, July, and
August), a limited range of annual thermal amplitude, and notable daily thermal amplitude (FONSECA,
2017). 

The drainage network includes tributaries of the Guaporé River and springs along the edge of the
Chapada dos Parecis mountain range (RADAMBRASIL, 1979). According to Fonseca and Silva Filho
(2017), the sub-basins in the region are dendritic in an exorheic system, composed mostly of first-order
channels that flow directly into the main river. 

The  vegetation  cover  includes  Semi-deciduous  Ombrophilous  Forest,  Cerrado,  and  areas  of
transition between the two biomes, occurring as natural forest fragments or those that have regenerated
after anthropogenic disturbance (FONSECA et al. 2018). 

Among the economic activities in the region, agriculture is particularly important and is based on
the production of  annual  crops (soybeans and corn)  and livestock for  milk and beef.  Small-scale rural
properties  are  predominant  in  the  region,  most  of  which  use  intensive  production  systems  with  poor
zootechnical herd indices. 
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Figure 1 - Location of the experimental area. 

METHODOLOGICAL PROCEDURES 
The  mapping  of  soil  erosion  susceptibility  used  a  BLR  statistical  model  and  ANN  machine

learning. The erosion inventory map was obtained from 100 sampling units: 50 units with the presence
of erosion and 50 units with an absence of erosion. 

The  sample  units  were  mapped  in  July  2020  with  the  aid  of  a  PHANTOM  4  (DJI)  Unmanned
Aircraft System (UAS), using a regular sampling grid of 2 km x 2 km. The aerial photographs were used
only  as  observation  data  -  visual  interpretation.  The  maps  were  supplemented  with  information  from
PLANAFLORO/RO and orbital images from the Sentinel 2B satellite with a spatial resolution of 10 m
on the date of July 17, 2020. The images were geometrically corrected, and an enhancement technique
was applied. 

The  sample  selection  criteria  were  visual  and  based  on  the  following  indicators:  presence  of
exposed soil; removal of organic surface horizons; laminar erosion; presence of terraces; and formation
of  ravines  and  gullies.  Sites  that  showed any  or  all  of  these  indicators  were  considered  susceptible  to
erosion (coded as 1 or success); otherwise, susceptibility was considered minimal or nil (coded as 0 or
failure). 

The  selection  of  the  parameters  was  based  on  field  observations,  the  researchers'  experience,
current literature, the scale of analysis, data availability, and the purpose of the research. The databases
used  were:  Brazilian  Geomorphometric  Database  –  TOPODATA  (IBGE);  Socioeconomic-Ecological
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Zoning  of  the  State  of  Rondônia  -  PLANAFLORO  (SEDAM/RO);  Geological  Survey  of  Brazil  –
CPRM; LANDSAT 8 Satellite (Scene 230/69, May 22, 2020). 

The input layers were constructed in a 14 x 100 matrix (100 samples of 14 target elements). For
modeling,  70% of  the  samples  were  used for  training the  model  and 30% for  validating the  results  in
terms of specificity, sensitivity, and precision. The statistical calculations and algorithms of the BLR and
ANN models were developed and simulated using SPSS Statistics 26.0. 

INPUT PARAMETERS 
The  input  parameters  included  three  main  aspects:  1.  Topographic  parameters  derived  from the

digital  elevation  model  (Elevation,  Slope,  Aspect,  Slope  Curvature,  Composite  Topographic  Index
(CTI),  and  Stream  Power  Index  (SPI));  2.  Geological  Parameters  (Lithology,  Drainage  Density,  And
Lineament  Density);  3.  Environmental  Parameters  (Normalized  Difference  Vegetation  Index  (NDVI),
Land Surface Temperature (LST), Land Use and Occupation, Erosivity, and Soil Type), as described in
Table 1. 

Elevation influences the flow of water in different paths over the terrain and acts to structure the
landscape (SOUZA et al. 2003). Slope is related to an increase in the slope gradient and flow shear that
stimulates the detachment of soil particles (GUERRA et al. 2014). 

The  Slope  orientation  in  mountainous  terrain  strongly  influences  the  amount  of  solar  radiation
received on the ground (PERREAULT et al. 2016). The curvature of the slope refers to the divergent or
convergent flows of matter and energy on the slopes in relation to a horizontal plane (GUADAGNIN;
TRENTIM, 2014). 

The  Composite  Topographic  Index  (CTI)  directly  reflects  the  present  or  past  conditions  of
moisture  and  water  flow  dynamics.  CTI  is  used  to  characterize  the  spatial  distribution  of  saturation
zones and soil water content (PINHEIRO, 2015). The Stream Power Index (SPI) describes the potential
of the topography to aggregate large amounts of surface water (CAPOANE, 2015). 

The Lineament Density can indicate the fragilities, faults, and fractures of the terrain (CARMO et
al.  2016),  while  the NDVI is  related to  the terrain’s  natural  defense against  erosion,  through elements
that directly protect against the impact of rainfall. 

Drainage Density relates to the distance that the water must travel to the riverbed. The lower the
drainage density, the greater the distance that the water must travel. This is directly related to flooding
capacity and increased sediment transport rate (FONSECA; SILVA FILHO, 2017). 

Lithology  influences  erosive  processes  through  the  mineralogical  and  textural  characteristics  of
the  rocks  present  in  the  geological  substrate,  affecting  the  permeability  and ease  of  transporting  loose
particles (CAMPOS, 2019). Land use and occupation refers to development activities and the possible
aggravation  of  the  erosive  processes  due  to  soil  structure  damage  and  sediment  loss  (PERUSI;
CARVALHO, 2008). Soil type is the chemical and physical properties that affect erosive processes. 

Erosivity expresses the potential of rainfall to cause erosion, based on the ratio between monthly
and  annual  precipitation  (FONSECA,  2017).  Land  Surface  Temperature  (LST)  influences  daily  and
annual  fluctuations  in  soil  temperature  that  affect  biological  and  chemical  processes  in  the  soil,
including  decomposition,  rates  of  soil  organic  matter  uptake,  and  release  of  CO2  (CARNEIRO  et  al
2014). 
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Table 1 - Layers of data used in the study 

In terms of categorical variables, the classes were ordered according to the degree of susceptibility
to particle transport. Soil type classification in relation to susceptibility follows the indications described
by Ross (1994) (Table 2). 

The weighting of the lithology variable (Table 3) is related to the weathering that rocks undergo
when exposed to the surface. It is the beginning of a long-term process that continues with the erosion
and  deposition  of  material,  subsequent  diagenesis,  leading  to  the  formation  of  sedimentary  rocks
(CPRM, 2014). 
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Table 2 - Instability by soil class 

Table 3 - Instability by lithological class 

The classification used to map land use and occupation was based on the application of supervised
classification in  Spring 5.6  to  a  segmented image.  For  the  supervised classification,  Bhattacharya was
used with 99.9% acceptance. The Kappa agreement index was 0.71, a value considered very good. The
representative classes of the image are described in Table 4. 

Susceptibility was attributed according to the degree of protection that a certain type of land cover
offers to the soil, following the protection capacity hierarchy described by Ross (1994). The class ‘water
resources’ was added due to the frequent presence of ravines and gullies near waterways. 

Table 4 - Land use and occupation classes. 

The  data  maps  used  in  this  study  are  based  on  a  cell  size  of  30  ×  30  m,  resampled  for  the
Geographic Coordinate System and projected on Datum WGS 1984. The work was carried out using the
ArcGIS  10.5  GIS  software  environment.  Summary  statistics  can  be  found  in  Table  5.  For  mapping
classification purposes, erosion susceptibility was divided into five classes (Low, Very Low, Moderate,
High and Very High) based on Jenks' natural breakdown algorithm. 
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Table 5 - Descriptive statistics of the input layer parameters. 

Nota. SD – standard deviation; CV - curvature of the slope; CTI – composite topographic index; SPI –
stream power index; LD – lineament density; NDVI – normalized difference vegetation index; DD –
drainage density; LST – land surface temperature; Lithology* - refers to the lithostratigraphic units

corresponding to the predominant type of rock. 

The predictor parameters used in the analysis can be found in Figure 2. 
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Figure 2 - Spatial distribution of raster layers.  
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RESULTS 
The  accuracy  of  the  BLR  model  reached  an  overall  precision  of  77%  (Table  6).  The  matrix

indicates the percentage of success and error of the model for the two possible answers. Thus, the model
correctly  classified  80% of  the  samples  from the  50  sampling  units  with  the  presence  of  erosion,  and
74% of the 50 samples without erosion. 

Table 6 - Binary Logistic Regression Confusion Matrix 

The model sensitivity and specificity are expressed in the area under the curve (AUC). The AUC
model was 0.888 (88.8%) for the RLB model and 0.808 (80.8%) for the ANN model. 

The ANN model was classified with all samples, for a total of 77 sample units for training and 23
sample units for testing. The training phase employed the scaled conjugate gradient algorithm with the
sigmoid activation function. The synaptic weights of the neural network that achieved better results were
for two hidden layers, with seven neurons in the first layer and two neurons in the second layer. 

The  model  with  two  hidden  layers  correctly  predicted  erosion  susceptibility  for  72.4%  of  the
training data  sample  units  and 79.2% of  the  test  data  units  (Table  7).  Considering that  the  model  was
developed specifically to identify areas susceptible to erosion, the accuracy of predicting the presence of
erosion, or '1', was more appropriate to be considered in this study. 

Table 7 - Artificial Neural Network Confusion Matrix 

The synthesis maps from the BLR statistical model and ANN machine learning model are shown
in  Figure  3.  The  raster  output  produced  by  the  BLR  and  ANN  methods  highlighted  susceptibility  to
erosion  between  the  values  0  and  1,  where  0  represents  a  low  probability  of  soil  erosion  and  1  the
highest probability of soil erosion in the study area. 

Areas  that  are  susceptible  to  erosion  correspond to  those  classified  as  moderate,  high,  and  very
high,  and represent 57.71% and 54.80% of the area for BLR and ANN models,  respectively (Table 8,
Figure 4). 
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Table 8 - Erosion susceptibility class and area of coverage by BLR and ANN. 

Figure 3 – Map of susceptibility to soil erosion of the Sete Voltas River Sub-basin - Binary Logistic
Regression Model [BLR] and Artificial Neural Network [ANN].  
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DISCUSSION 
Mapping  revealed  the  existence  of  a  belt  of  low  erosion  susceptibility  in  the  southeast  of  the

sub-basin (Figure 3). The lowest risk of erosion is associated with the maintenance of native forest, since
vegetation cover can mitigate soil loss processes through protection against the direct impact of rainfall
on  the  surface  and  water  dispersion  by  interception  and  evaporation  before  it  reaches  the  ground
(BERTONI; LOMBARDI NETO, 2008). 

Low levels of erosion risk can also be observed in the extreme southwest. (Figura 3). These are
lowland areas that can flood at certain times of the year, making agricultural activities unfeasible. The
preservation of natural vegetation, depending on its characteristics, can help to ensure protection of the
soil. 

In adjacent regions, agricultural practices increase the risk of soil loss. These are newly converted
areas  to  agriculture,  and  soil  exposure  to  the  kinetic  action  of  rainfall  leads  to  the  loss  of  the  surface
layer. Loss of surface layers results in a reduction in fertility due to fewer macro and micronutrients and
less  organic  matter  in  the  soil.  For  agriculture,  the  reduction  of  these  elements  has  a  direct  impact  on
crop productivity and production costs,  as low levels of nutrient availability for plants necessitates the
use of fertilizers. 

In general, the ravine formation process in arable areas is associated with different soil textures,
microtopography, and vegetation cover. When there is erosion in cultivated land, the nutrients present in
the  upper  layers  are  lost  as  they  are  incorporated  into  the  eroded  soil  due  to  their  high  solubility  and
rapid absorption by fine soil particles (BERTONI; LOMBARDI NETO 2008). Consequently, there is a
reduction in the productive capacity of plant biomass and soil protection (MAFRA, 2014), along with an
increased risk of flooding due to the deposition of solid material in water resources. 

In  the  extreme  north  of  the  sub-basin,  susceptibility  to  erosion  is  related  to  the  conversion  of
Cerrado vegetation, or transition zones between Ombrophilous Forest and Cerrado, into pasture (Figure
3). These are areas composed of Neosols located on the edge of the Chapada dos Parecis mountain range
which is heavily influenced by weathering agents. 

When evaluating erosional conditions in Quartzarenic Neosols in the municipality of Colorado do
Oeste,  Fonseca (2017)  found that  the  predisposition to  sediment  loss  stems from the predominance of
very coarse and coarse sand, high soil density values, low total porosity, soil compaction related to cattle
trampling, and an increase in the average resistance to penetration, mainly in the first 10 cm. 

The  central  area  of  the  sub-basin  and  the  region  close  to  the  urban  center  show  moderate
susceptibility. The greatest potential risks are associated with degraded pasture and lowland areas close
to water bodies (Figure 4). 

Fonseca et al. (2018) classified the stages of pasture degradation in the same study area and found
that areas with some degree of degradation have similar characteristics, such as: the variety of the forage
vegetation (brachiaria  brizantha);  low forage height;  low plant  population per  m2;  presence  of  weeds;
high grazing pressure; and poor pasture formation and management. 

Erosion  surrounding  drainage  networks  is  a  major  issue  in  the  study  area.  The  rivers  in  the
sub-basin are mostly first-order channels, which are fragile, intermittent, with low water runoff volume,
and high susceptibility to anthropogenic pressure (Figure 5). 

When  analyzing  the  morphometry  of  the  hydrographic  sub-basins  of  the  municipality  studied
herein, Fonseca and Silva Filho (2017) identified the aforementioned characteristics in relation to water
resources, pointing out that the first-order channels flow directly into the main river and have low flow.
Without adequate management of agricultural activities, they may cease to exist. 

Based on previous analyses, it is clear that susceptibility mapping techniques are important tools
in  understanding  the  phenomenon  and  in  the  management  of  areas  where  soil  loss  already  occurs.
According to Arabameri et al. (2018), mapping is a basic method to understand the mechanisms behind
erosive  events.  In  addition  to  enabling  the  identification  and  measuring  of  the  relevant  conditioning
factors (ARABAMERI et al.  2020), such maps can be used to inform planning, identify suitable areas
for infrastructure development (BRAGAGNOLO et al. 2020), optimize land use, and mitigate the effects
of inappropriate land use. 
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Figure 4 - Aerial photographs of cultivated pastures with a high degree of degradation and erosion. Fig.
4a shows the beginning of the ravine formation process; Fig. 4b shows areas of laminar erosion with

consequent soil exposure to rainfall. Source: Author (July/2020)  

Figure 5 - Aerial photographs of erosion close to water resources. Source: Author (July/2020). 

AUC  values  of  0.888  (88.8%)  for  the  BLR  model  and  0.808  (80.8%)  for  the  ANN  model  are
classified as very good and good according to the qualitative-quantitative relationship described by Polo
and Miot (2020). Thus, they can be considered satisfactory for subsequent application in the mapping of
soil  erosion  susceptibility.  AUC  estimates  have  been  used  as  acceptance  parameters  for  a  model's
performance by several authors (RAHMATI et al. 2016, SARKAR; MISHARA, 2018; BRAGAGNOLO
et al. 2020). 

As  for  the  models  studied  herein,  Bissacot  (2015)  states  that  logistic  regression  is  a  standard
technique  that  is  well  established  as  a  decision-making  tool,  in  addition  to  being  preferable  when  the
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dependent variable is categorical dichotomous (NARDI et al. 2019). According to Conforti et al. (2014),
ANNs must be applied to deal with complex data patterns, identify subtle patterns present in the training
input, and solve problems with unidentified patterns present in the input data. 

According to Bragagnolo et al. (2020), the use of ANN presents several advantages for soil loss
susceptibility studies, ranging from a methodology that applies learning algorithms that define their own
architecture, to high versatility in that they can be trained with a variety of databases with different input
parameters and still provide satisfactory results. 

The  distortions  and  errors  that  may  occur  are  due  to  the  impossibility  of  a  comprehensive
understanding  of  the  physical  behavior  of  the  phenomena  addressed  by  the  modeling,  among  other
factors.  The limitations  of  the  study are  also related to  the  sensitivity  of  the  results,  the  quality  of  the
thematic  data  layers,  and the specific  characteristics  of  certain regions susceptible  to  erosion that  may
not have been considered (THIERY et al. 2013). 

Despite the limitations inherent to the modeling processes, Shahri et al. (2019) list several benefits
of  these  techniques,  including  the  use  of  publicly  available  data  from  satellite  images  and  geological
maps.  As  such,  these  techniques  do  not  depend  on  expensive  and  time-consuming  geotechnical
investigations. Despite the uncertainty embedded in the maps produced, they can be used as screening
tools to identify areas where more detailed investigations should be carried out, in addition to offering a
more efficient use of economic and social resources. 

CONCLUSIONS 
The results show that the two models were able to effectively identify the relationships between

the  conditioning  factors  and  generate  susceptibility  maps  consistent  with  the  local  reality.  This
performance is based on the area under the curve (AUC), in which the BLR model presented an AUC of
0.888 and the ANN an index of 0.808. The areas susceptible to soil loss represent 57.71% of the study
area based on BLR and 54.8% based on ANN. 

The  greatest  potential  risks  are  verified  in  places  with  no  vegetation  cover  associated  with
agricultural practices, and close to the drainage network. Mapping revealed low erosion susceptibility in
the southeast of the sub-basin associated with the maintenance of the native forest. Low levels of erosion
risk  can  also  be  observed  in  the  extreme southwest.  These  are  lowland  areas  that  can  flood  at  certain
times  of  the  year.  The  central  area  of  the  sub-basin  and  the  region  close  to  the  urban  center  show
moderate susceptibility. In the extreme north of the sub-basin, susceptibility to erosion is related to the
conversion of Cerrado vegetation into pasture. 

The main advantages of using such models include quicker identification of susceptible areas; the
possibility  of  using  freely  available  data;  and  different  types  and  combinations  of  input  variables.
Applied  algorithms  can  also  learn  complex  patterns  and  consider  nonlinear  relationships  between
dependent and independent variables. 

Modeling  techniques  can  provide  valuable  information  for  managers  to  prevent  soil  erosion,
especially  in  regions  with  similar  landscape  characteristics.  In  addition,  they  can  help  to  gain  a  better
understanding  of  erosive  processes,  their  evolution  over  space  and  time,  and  inform strategies  for  the
sustainable use and management of soil and water resources. 
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