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We do not learn from experience.
We learn from reflecting on experience.
(John Dewey, 1938)



RESUMO

Os processos erosivos lineares ocorrem em funcdo de diversos fatores naturais,
porém, sdo acelerados por fatores antrépicos, como as mudangas de uso do solo. A
modelagem espacial de processos erosivos € amplamente utilizada no contexto rural
para prever perdas e prevenir prejuizos e, no contexto urbano, para embasar o
planejamento e gestdo do territério. Atualmente, as técnicas de modelagem mais
difundidas focam em areas rurais, contemplando principalmente processos erosivos
laminares. Os estudos contemplando areas urbanas e periurbanas, com foco nas
erosdes lineares, sdo escassos. Em ambos os casos, o fator de uso e cobertura do
solo, quando incorporado aos estudos, ndo considera dinamicas temporais de
mudancas e é analisado sem considerar a area de contribuicdo para o fendmeno.
Reconhecendo esta lacuna, o objetivo principal da presente tese foi investigar o efeito
das transi¢cdes de cobertura da area de contribuicdo hidrica no desencadeamento de
erosodes lineares em areas urbanas e periurbanas. Para atingir este fim, a pesquisa foi
estruturada em trés artigos. Fundamentando a hipotese desta tese, o primeiro artigo
demonstrou que a variabilidade do fenbmeno é predominantemente explicada por
variaveis antropicas (uso e cobertura do solo), as quais tiveram um impacto superior
ao de fatores naturais. Por meio de uma revisdo de literatura, o segundo artigo
identificou que a amostragem de instancias negativas e a delimitagao de suas areas
de influéncia emergem como aspectos metodoldgicos criticos para a robustez de
modelos de aprendizado de maquina aplicados a analise de processos erosivos. O
terceiro artigo investigou os padrbes de mudanga na cobertura do solo com maior
influéncia na ocorréncia de erosado. Para isso, foi realizada uma analise comparativa
que incorporou transi¢gdes de uso do solo em um intervalo de vinte anos (1990-2010),
adotando duas abordagens espaciais distintas: (i) um buffer de 100 m e (ii) a area de
contribuigao hidrica de cada feicdo. Os modelos de arvore de decisao revelaram que
as transicbées mais importantes para a classificagao foram aquelas relacionadas a
uUSOs agropecuarios que se mantiveram estaveis ou se converteram em areas nao
vegetadas. A comparacdo entre as abordagens demonstrou que a area de
contribuigdo hidrica foi mais eficaz na identificacdo de casos positivos de erosao,
sendo a variavel de areas de floresta preservada a mais relevante em seu modelo.
Contudo, a estratégia do buffer proporcionou um melhor equilibrio preditivo geral entre
as classes. De forma geral, os resultados tém potencial de auxiliar no entendimento e
predicdo de processos erosivos lineares em areas urbanas, contribuindo no meio
técnico-cientifico e para a sociedade como um todo no sentido de auxiliar na
prevencao de danos ambientais, sociais e econdmicos.

Palavras-chave: processos erosivos; uso e cobertura do solo; aprendizado de
maquina; arvore de decisdo; CART.



ABSTRACT

Linear erosive processes result from various natural factors but are accelerated by
anthropogenic factors, such as land use changes. The spatial modeling of erosive
processes is widely used in rural contexts to predict losses and prevent damages, and
in urban contexts to support territorial planning and management. Currently, the most
widespread modeling techniques focus on rural areas, primarily addressing sheet
erosion. Studies encompassing urban and peri-urban areas, with a focus on linear
erosion, are scarce. In both cases, when incorporated into studies, the land use and
land cover factor often fails to consider temporal dynamics of change and is analyzed
without accounting for the contributing area to the phenomenon. Acknowledging this
gap, the main objective of this thesis was to investigate the effect of land cover
transitions within the hydrological contributing area on the triggering of linear erosion
in urban and peri-urban areas. To achieve this aim, the research was structured into
three articles. Laying the groundwork for this thesis's hypothesis, the first article
demonstrated that the variability of the phenomenon is predominantly explained by
anthropogenic variables (land use and land cover), which had a greater impact than
natural factors. Through a literature review, the second article identified that the
sampling of negative instances and the delimitation of their areas of influence emerge
as critical methodological aspects for the robustness of machine learning models
applied to the analysis of erosive processes. The third article investigated the patterns
of land cover change with the greatest influence on the occurrence of erosion. For this
purpose, a comparative analysis was conducted, incorporating land use transitions
over a twenty-year interval (1990-2010) and adopting two distinct spatial approaches:
(i) a 100 m buffer and (ii) the hydrological contributing area of each feature. Decision
tree models revealed that the most important transitions for classification were those
related to agricultural uses that remained stable or converted to non-vegetated areas.
The comparison between approaches demonstrated that the hydrological contributing
area was more effective in identifying positive cases of erosion, with the "preserved
forest areas" variable being the most relevant in its model. However, the buffer strategy
provided a better overall predictive balance between the classes. In summary, the
results have the potential to aid in the understanding and prediction of linear erosive
processes in urban areas, contributing to the technical-scientific field and to society as
a whole by assisting in the prevention of environmental, social, and economic
damages.

Keywords: erosive processes; land use and land cover; machine learning; decision
tree; CART.
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1 APRESENTAGCAO

Ha um consenso entre pesquisadores acerca do impacto significativo que as
atividades antropicas tém no desencadeamento e aceleragdo de processos erosivos
(Guo et al., 2019; Poesen et al., 2003; Dos Santos et al., 2017). Historicamente, muitos
pesquisadores focam em investigacdes relacionadas a atividades que interferem
notadamente nesses processos, como erosdes laminares em areas de plantio e
processos diversos em areas de mineragao (Djoukbala et al., 2019; Nearing et al.,
1989; Tarodiya; Levy, 2021; Wijesundara; Abeysingha; Dissanayake, 2018; Williams,
1975; Williams; Nicks; Arnold, 1985; Wischmeier; Smith, 1965, 1978). Ja no que tange
aos processos erosivos lineares, entendidos como um processo de desprendimento e
arrastamento de particulas de solo causado pela agdo da agua que, frequentemente,
se materializam na forma de ravinas e vocorocas, verificam-se diferentes dinamicas

em areas rurais e urbanas.

Em areas rurais, a remoc¢ao da cobertura vegetal natural para a implantacéo de
areas de cultivo e/ou pastagem resulta na redugdo — e, em alguns casos, na
eliminacdo — do servigo ecossistémico de interceptacdo da agua da chuva
desempenhado pela vegetacdo. Esse processo compromete a infiltracdo hidrica no
solo, intensifica o escoamento superficial e favorece o desenvolvimento de sulcos,
ravinas e vogorocas (Castillo; Gomez, 2016; Reece et al., 2023). De forma geral, os
impactos associados incluem a degradacdo do solo, perda de terras araveis e
aumento da sedimentagcdo em corpos d'agua, contribuindo para desequilibrios
ecolégicos mais amplos, com reflexos socioecondbmicos que se manifestam na
diminuicdo da produtividade agricola, na vulnerabilidade de comunidades
dependentes do uso do solo e na elevagdo dos custos associados a mitigagdo e a
recuperacao de areas degradadas (Junior et al., 2010; Telles; Guimaraes; Dechen,
2011).

Em areas urbanas este processo também ocorre, contudo, a relacido de
mudanga e impacto podem ser mais intensas, uma vez que o fenbmeno de
urbanizagao promove a impermeabilizagao de cerca de 80% das areas (Brasil, 1979).
No caso das areas urbanas, o regime de interceptacdo de agua se da na atuacao dos
individuos de arborizagdo urbana, nas areas verdes e nos telhados das construgoes.

O regime de infiltragdo também se traduz na atuagéo dos individuos de arborizagao
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urbana e nas areas verdes, além da capacidade de engolimento das bocas de lobo

do sistema de drenagem, quando existente (Yoo et al., 2021).

Contudo, o escoamento superficial configura-se como o principal agente na
intensificagdo da relagao entre as transformagdes do uso e ocupacédo do solo e o
desencadeamento de processos erosivos em areas urbanas, uma vez que a
impermeabilizagcdo modifica substancialmente os componentes do ciclo hidrolégico,
especialmente a infiltragdo, a evapotranspiracao e a geragao de escoamento. Nessas
areas, o escoamento superficial e 0 escoamento subterraneo associado ao sistema
de drenagem ocorrem quase simultaneamente ao inicio da precipitacado, reduzindo
significativamente o tempo de concentracdo da bacia hidrografica. Essa maior
concentragcdo de agua em menor intervalo de tempo impacta diretamente o
desencadeamento de processos erosivos lineares. (Kuchkarova; Achilova, 2021; Yoo
et al., 2021). Particularmente em contextos urbanos, onde a maior parte da populagao
reside atualmente, a erosao linear representa uma ameaga direta as infraestruturas
criticas, podendo resultar em obstrucdes, inundacdes e comprometimento da eficacia
da drenagem, colocando em risco a seguranga publica e minando a funcionalidade

das estruturas urbanas (Carvalho Junior et al., 2010).

A erosao linear representa um desafio significativo para o desenvolvimento
sustentavel, intersectando-se com varios Objetivos de Desenvolvimento Sustentavel
(ODS) estabelecidos pelas Nagdes Unidas, os quais fornecem um arcabougo
essencial para abordar questdes globais e promover o progresso econémico, social e
ambiental (ONU, 2015). Em particular, a relagcao entre a erosao linear e os ODS ganha
destaque em areas urbanas, onde os impactos da erosdo podem ser exacerbados
devido a concentracao populacional e a intensificagao das atividades humanas.

Ao explorar as interconexdes diretas entre a erosdo linear e os ODS, destacam-
se os ODS 11 e 13, com as premissas de “tornar as cidades e os assentamentos
humanos inclusivos, seguros, resilientes e sustentaveis” e “tomar medidas urgentes
para combater a mudanca climatica e seus impactos” (ONU, 2015). Este ultimo, em
especial, tem se destacado recentemente devido ao aumento da ocorréncia de
eventos climaticos extremos. No caso especifico das erosdes, precipitagdes mais
frequentes e mais intensas (Velastegui-Montoya et al., 2022).

De forma indireta, também ¢é crucial examinar como outros objetivos do

desenvolvimento sustentavel, como a erradicagéo da pobreza (ODS 1), a promogao
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da segurancga alimentar (ODS 2), a garantia a vida saudavel e bem-estar (ODS 3), a
garantia de agua limpa e saneamento (ODS 6), a detengcado da degradacgao da terra
(ODS 15), entre outros, estao intrinsecamente ligados a mitigagdo e adaptacéo aos
impactos da erosao linear em areas urbanas (McElwee et al., 2020; ONU, 2015).

Neste contexto, torna-se evidente que os impactos da erosao linear
transcendem o ambiente natural, exercendo uma influéncia significativa sobre as
comunidades humanas. Essa realidade é ainda mais desafiadora para popula¢des
vulneraveis, cuja falta de recursos e resiliéncia as torna particularmente suscetiveis
aos efeitos adversos da erosdo, acentuando as desigualdades sociais e ressaltando
a urgéncia de abordagens inclusivas e equitativas (Saha et al., 2021).

Diante do exposto, fica evidente a necessidade de uma analise mais
aprofundada sobre a dindmica espacial dos processos erosivos lineares em areas
urbanas. Nesse sentido, esta tese se propde a investigar a importancia dos atributos
de mudancga de uso do solo na area de contribuigdo hidrica para o desencadeamento
desses processos. Ao compreendermos melhor como tais atributos influenciam a
intensidade e a distribuicdo da erosdo linear nas areas urbanas, poderemos
desenvolver estratégias mais eficazes de mitigagcdo e adaptacao. Além disso, essa
abordagem permitira subsidiar as politicas de desenvolvimento urbano de forma mais
sustentavel, alinhando nossos esforgos com os ODS supracitados, contribuindo para

a construgédo de comunidades mais resilientes e equitativas.

1.1 QUESTAO DA PESQUISA E HIPOTESE

O monitoramento e a predicdo de processos erosivos em areas urbanas
desempenham um papel crucial na gestdo ambiental e no planejamento territorial,
especialmente no contexto brasileiro, onde as caracteristicas climaticas variadas, a
complexa formagao geoldgica, o relevo diversificado e os padrdoes de urbanizagao
intensiva contribuem para a vulnerabilidade dessas areas (Bonzanini; Lupinacci;
Stefanuto, 2022; Ferreira; Martins, 2021; Magalhaes et al., 2023). Entre os diversos
fatores que desencadeiam esses processos, as mudancas na cobertura do solo,
primordialmente relacionadas a atividade humana, emergem como uma preocupagao
particular (Chaplot et al., 2005; Endres et al., 2006; Guo et al., 2019). E amplamente

reconhecido que as alteracbes causadas pelo homem, como a expansao urbana
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desordenada e a remogao da vegetacao natural, aceleram os processos erosivos,
tornando essencial entender e prever esses impactos.

Diante desse cenario, a presente tese busca responder ao problema central de
pesquisa: Como os fendbmenos de erosao linear em areas urbanas e periurbanas
sao afetados pelas mudangas de cobertura do solo?. Partindo dessa questao,
desenvolveu-se a hipotese de que as mudangas na cobertura do solo s&o os principais
desencadeadores dos processos erosivos em areas urbanas, e que essas mudancas
devem ser cuidadosamente estudadas e incorporadas aos modelos de suscetibilidade
a erosao, considerando ndo apenas a ocorréncia local, mas toda a area de
contribuicdo hidrica. Isso implica uma abordagem mais abrangente que nao apenas
avalia a situacao atual da cobertura do solo, mas também considera suas mudancgas
ao longo do tempo e seu impacto potencial nos processos erosivos.

A pesquisa apresenta relevancia cientifica e social ao considerar as mudancgas
na cobertura do solo como um fator-chave na erosao urbana e integra-las a modelos
de aprendizado de maquina, avangando o conhecimento existente e proporcionando
percepcgdes valiosas para a gestdo sustentavel do ambiente urbano. Ao incorporar
variaveis antropogénicas de forma distribuida, ou seja, considerando a area de
contribuicdo hidrica, a pesquisa oferece uma abordagem mais abrangente em
comparagao as mais difundidas na literatura, promovendo assim uma gestao mais
eficaz e sustentavel do ambiente urbano. Além disso, ao abordar aspectos
metodoldgicos relacionados a amostragem de ocorréncia e nao ocorréncia dos
fendmenos erosivos, a pesquisa contribui para o aprimoramento das técnicas de
modelagem, especialmente em um contexto onde o emprego de técnicas de
inteligéncia artificial, como o aprendizado de maquina, esta se tornando cada vez mais

comum.

1.2 OBJETIVOS

Analisar a influéncia das mudancas de cobertura do solo na ocorréncia de
fendmenos de erosao linear em areas urbanas, adotando a area de contribuicdo
hidrica como unidade de analise. Visando atingir este objetivo primario, os objetivos

especificos deste trabalho sao:
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I. Identificar e hierarquizar as variaveis antropicas e naturais correlacionadas ao
desencadeamento de processos erosivos lineares, determinando aquelas de

maior impacto;

II.  Mapear as estratégias de amostragem (em particular de instancias negativas)
utilizadas em estudos sobre erosao linear que empregam aprendizado de

maquina, com foco no papel da area de contribui¢ao hidrica; e

lll.  Operacionar os conhecimentos gerados nos objetivos anteriores para identificar
os padrdes de mudanca de cobertura do solo com maior impacto na ocorréncia

de erosio linear em areas urbanas.

1.3 ESTRUTURA DA TESE
A presente tese esta estruturada em sete capitulos:

Capitulo 1 — Apresentagao geral, questao de pesquisa e objetivos;
Capitulo 2 — Contextualizagéo geral da problematica;
Capitulo 3 — Fundamentacao Teorica;

Capitulo 4 — Artigo 1: “Dynamics of linear erosion processes in urban areas: an
approach based on GIS and CART algorithm” (Dinamica dos processos erosivos

lineares em areas urbanas: uma abordagem apoiada em SIG e algoritmo CART);

Capitulo 5 — Artigo 2: “Sampling strategies for machine learning-based linear erosion
studies: a review approaching contributing area” (Estratégias de amostragem para
estudos de erosdo linear embasados em aprendizado de maquina: uma revisao

abordando a area de contribui¢ao);

Capitulo 6 — Artigo 3: “Unveiling Land Use Drivers of Urban Gully Erosion: An
Interpretable Machine Learning Approach” (Desvendando os fatores de uso do solo
na erosao linear urbana: uma abordagem de aprendizado de maquina interpretavel);

e
Capitulo 7 — Consideracgdes finais.

A Figura 1 apresenta um esquema dos artigos a serem desenvolvidos para
responder a cada objetivo especifico proposto, além de mostrar as estratégias

adotadas e contribui¢gdes esperadas em cada um deles.



Figura 1 — Esquema dos artigos da tese e relagbes com a hipotese de pesquisa

Questao da pesquisa: Como os fendmenos de erosao linear em areas urbanas e
periurbanas sao afetados pelas mudangas de cobertura do solo?

Objetivo 1

Objetivo 2

v

Estratégia: Analise das variaveis
correlacionadas aos processos erosivos
lineares com algoritmo CART.

Estratégia: Revisao de literatura para
investigar aspectos relacionados a
amostragem e area de contribui¢ao hidrica.

Artigo 1
A 4

Artigo 2

4

Contribuicoes: Variaveis de natureza
antropica - relacionados ao uso e cobertura
do solo e as atividades humanas — sao as
que apresentam influéncia mais expressiva
no desencadeamento de processos erosivos
lineares em areas urbanas.

Contribuigoes: Metodologias de
amostragem em aplica¢des de aprendizado
de maquina de natureza ambiental,
incluindo a area de contribuigao hidrica
como delimitador entre instancias positivas
e negativas.

Objetivo 3

Estratégia: Identificacdo dos padrdes de mudanga de uso do solo mais relevantes na
ocorréncia de processos erosivos lineares com algoritmo CART.

Artigo 3

Contribuigoes: Identificagdo de quais padrdes de mudangas de uso do solo, observados
num intervalo de 10 anos, estdo mais frequentemente correlacionados ao desencadeamento
de processos erosivos lineares.

Resposta a questao da pesquisa: confirmacgao da hipétese de pesquisa.

Fonte: Elaborado pela autora.
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2 CONTEXTUALIZAGAO

2.1 EROSAO DO SOLO

A eroséo do solo consiste em um processo morfogenético responsavel pela
modelagem da superficie terrestre por meio da remogao e do transporte de particulas,
atuando de forma continua na dindmica das paisagens (Christofoletti, 1980). Esse
processo pode ser intensificado por diferentes agentes naturais, especialmente a agua
e o vento, sendo a agédo da agua considerada o principal fator erosivo em ambientes
continentais (Bertoni; Lombardi Neto, 1990). Morgan (2009) descreve a erosdo como
um fendbmeno composto por trés etapas sucessivas — destacamento, transporte e
deposicdo dos sedimentos — ressaltando sua importancia na evolucéo das formas de

relevo.

De modo complementar, Bazzoffi et al. (1993) diferenciam a erosao natural,
também denominada geoldgica, que ocorre em areas nao perturbadas e participa da
construcdo das paisagens ao longo do tempo geoldgico, da erosdo acelerada,
associada as intervencdes antrépicas e responsavel por perdas rapidas de solo e
intensificagdo da degradagdo ambiental. Esses autores destacam ainda o carater
ambiguo do processo erosivo, que pode atuar de forma destrutiva nas areas de origem
dos sedimentos, ao mesmo tempo em que contribui para a formagao de ambientes

deposicionais férteis, como deltas e planicies aluviais.

A erosdo do solo manifesta-se sob diferentes formas, podendo ser classificada
conforme seus mecanismos e padrées de ocorréncia. A erosao laminar caracteriza-
se pela remocgao uniforme de camadas superficiais do solo e a erosao linear resulta
da concentragdo do escoamento superficial (Guerra; Jorge, 2018). Outros tipos
incluem a erosao intersulcos, a erosdo por tubulagéo (piping erosion - relacionada a
remogao subsuperficial de material), e os movimentos de massa, como o0s

deslizamentos.

No contexto da erosao linear, torna-se fundamental distinguir seus diferentes
estagios evolutivos, embora essa diferenciagdo nem sempre seja simples, devido a
diversidade de critérios adotados internacionalmente para a classificacdo dessas
feicoes (Vanmaercke et al., 2016). Estudos de abrangéncia global realizados por Dube
et al. (2020) e Kuhn et al. (2023) propuseram a identificacdo de trés estagios principais

da erosao linear: sulcos (rills), ravinas (ravines) vogorocas (gullies).
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Segundo esses autores, os sulcos representam o estagio inicial da erosao por
escoamento concentrado, formando canais rasos com profundidade inferior a 0,25 m.
Desenvolvem-se em encostas a partir do fluxo superficial da agua, que promove o
destacamento e o transporte de particulas do solo, podendo ser facilmente eliminados
por praticas agricolas ou pela deposigdao natural de sedimentos. As ravinas
correspondem a um estagio mais avangado, apresentando profundidades superiores
a 0,25 m e, na classificacao brasileira, frequentemente exibem secao transversal em
forma de “U”. Sua formacéo esta associada ao aumento da energia do escoamento

concentrado, resultando em perdas significativas de solo e na ramificacdo de canais.

As vogorocas constituem fei¢des ainda mais profundas e extensas, geralmente
com sec¢ao transversal em forma de “V” e profundidades superiores a 0,50 m. Essas
estruturas frequentemente se conectam ao lencol freatico, favorecendo a erosao
lateral e intensificando os processos de degradacao da paisagem. Em razao de sua
magnitude e permanéncia, as vogorocas representam um estagio avangado da erosao
linear, promovendo alteragdes significativas no relevo e nos ecossistemas. Em
contextos especificos, especialmente em regides aridas e semiaridas, essas feigdes
exercem papel central na dindmica da paisagem, uma vez que a escassez de
cobertura vegetal e a ocorréncia de chuvas irregulares e intensas favorecem a
formacgao de canais profundos associados a degradacao severa dos solos (Arabameri
et al., 2020).

2.2 EROSAO LINEAR EM AREAS URBANAS

As abordagens contemporaneas sobre 0s processos erosivos, especialmente
no contexto do Antropoceno, tém enfatizado sua natureza complexa e
multidimensional. Nessa perspectiva, a erosao linear € compreendida ndo apenas
como um fenbmeno geomorfolégico, mas também como um processo de degradacao
ambiental resultante da interagdo entre dindmicas naturais e agdes antropicas,
produzindo impactos ambientais, econémicos e sociais em multiplas escalas espago-
temporais (Poesen, 2018). Essa concepgédo reforga a necessidade de analises
integradas que considerem simultaneamente os controles fisicos da paisagem e as

transformacdes induzidas pelo uso e ocupacéao do solo.
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O desenvolvimento da eroséo linear € influenciado por diversos fatores, entre
0s quais se destacam precipitacdo, caracteristicas geomorfométricas, propriedades
dos solos e dos materiais de origem; e uso do solo (Guerra, 2012). A intensidade e a
frequéncia das chuvas exercem papel fundamental na configuragdo dos padrdes
erosivos, uma vez que eventos pluviomeétricos concentrados potencializam o
escoamento superficial, favorecendo a formagao de sulcos e vogorocas. A topografia
da paisagem, expressa principalmente pela declividade e pelo comprimento das
vertentes, controla a velocidade e a concentragcado do fluxo hidrico, condicionando a
energia disponivel para o destacamento e o transporte de particulas. As propriedades
dos solos e dos substratos, como textura, estrutura e teor de matéria organica,
influenciam sua suscetibilidade a erosao, sendo solos pouco estruturados ou arenosos
mais propensos ao desagregamento e a mobilizagdo. Adicionalmente, praticas de uso
da terra, como agricultura intensiva, desmatamento e urbanizagao, tendem a agravar
esses processos ao reduzir a cobertura vegetal e modificar os padrées naturais de
drenagem (Chalise et al., 2019; Falcao et al., 2020; Guerra, 2012).

No espaco urbano, a erosdo linear adquire especial relevancia em funcao das
profundas alteragdes impostas a dinadmica hidroldgica superficial. A expansao urbana,
associada a remogao da vegetacao e ao aumento das superficies impermeaveis,
intensifica o escoamento superficial e favorece a concentragdo dos fluxos,
promovendo a formagao de vogorocas e ravinas. Esses processos comprometem
infraestruturas essenciais, como vias de circulacdo e sistemas de drenagem,
ampliando os riscos a seguranca da populacdo e a funcionalidade dos servigos
urbanos (Polovina et al., 2021). A centralidade dessa problematica é reforgada pelo
fato de que a maior parte da populacdo mundial reside atualmente em areas
urbanizadas, o que torna imprescindivel o aprofundamento do conhecimento sobre as
formas de erosao linear e seus impactos socioecondmicos e ambientais (Moreno-
Monroy et al., 2020; Kuhn et al., 2023).

A literatura aponta de forma consistente o papel das superficies
impermeabilizadas e sistemas de drenagem pluvial deficientes como importantes
desencadeadores da erosao linear nas cidades. Ruas pavimentadas, taludes de
cortes e aterros, valetas e pontos de langamento concentrado de aguas pluviais
frequentemente atuam como caminhos preferenciais de escoamento, favorecendo a

iniciacao de cabeceiras erosivas e o aprofundamento dos canais, sobretudo em areas
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com elevada declividade ou convergéncia topografica (Gudifo-Elizondo et al., 2018;
Rahmati et al., 2022; Imwangana et al., 2025). Evidéncias provenientes de cidades do
Sul Global indicam que mesmo areas com suscetibilidade natural moderada podem
desenvolver processos erosivos severos quando a hidrologia urbana é intensamente
modificada (Zolezzi et al., 2018; Mawe et al., 2024).

De forma geral, a erosao linear em areas urbanas reflete um descompasso
estrutural entre as praticas de uso e ocupacdo do solo e a capacidade fisica da
paisagem em absorver e redistribuir os fluxos hidricos. Estudos recentes convergem
ao indicar que a mitigacao efetiva desses processos depende menos de intervengdes
pontuais e mais da adocao de estratégias integradas (Frankl et al., 2020; Mawe et al.,
2025).

Portanto, assumindo que estes processos estido fortemente associados a
reorganizagao dos fluxos hidrolégicos induzida pelo uso e ocupacgao do solo, torna-se
imprescindivel reconhecer as areas que efetivamente contribuem para a concentragao
do escoamento e para o desencadeamento das feicbes erosivas. A analise dos
processos, portanto, exige a delimitacdo das regides que funcionam como fontes
desses fluxos, permitindo relacionar padrbes de urbanizagao, infraestrutura de
drenagem e suscetibilidade geomorfolégica. Essa perspectiva conduz a incorporagao
do conceito de area de contribuicdo como elemento estruturante da analise espacial

dos processos erosivos.

2.3 AREA DE CONTRIBUICAO

O conceito de area de contribuigdo tem origem consolidada na hidrologia, onde
designa a porg¢éao do territério que drena para um ponto especifico, contribuindo com
0 escoamento superficial ou subterraneo que converge em diregdo a um curso d’agua
ou sistema receptor (Rieger, 1998; Mackay; Band, 1998). Essa concepg¢ao hidrolégica,
associada a métodos de modelagem topografica e a analise de bacias hidrograficas,
constituiu a base para a disseminacao posterior do termo em outros dominios das

ciéncias ambientais e do planejamento territorial.

Com o avanco das geotecnologias e 0 aumento da complexidade dos sistemas
socioambientais, a nogédo de area de contribuicdo passou a ser empregada de forma

mais ampla, extrapolando o contexto hidroldégico e assumindo novas interpretacoes
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conceituais. Em sentido geral, area de contribuicdo refere-se a regiao espacial que
gera, fornece ou origina um fluxo, recurso ou efeito em direcdo a um ponto,
infraestrutura, ecossistema ou processo territorial (Guan; Sillanpaa; Koivusalo, 2015;

Mortoja; Yigitcanlar; Mayere, 2020).

No campo do planejamento territorial e ambiental, a area de contribuicao
passou a ser entendida como um instrumento analitico para identificar as origens
espaciais dos fluxos fisicos, ecoldgicos ou socioeconbmicos que estruturam o
territério. Essa perspectiva € particularmente relevante quando se busca compreender
a relacao entre as formas de ocupacgao e os processos ambientais, como no caso de
areas que contribuem para recarga hidrica, dispersao de poluentes, ilhas de calor,
mobilidade pendular, pressdo sobre servicos publicos ou provisdo de servigos
ecossistémicos (Cattaneo; Nelson; McMenomy, 2021; Wang et al., 2023). Em todos
esses contextos, a area de contribuicdo expressa a dimensao geradora de um

fendmeno, representando a dimensao espacial das interagdes.

Apesar de sua proximidade terminolégica, a area de contribuicdo difere
conceitualmente da area de influéncia, ainda que ambas frequentemente sejam
utilizadas como sindnimos em estudos urbanos e ambientais. Enquanto a area de
contribuigao corresponde a origem ou fonte de um fluxo ou efeito, a area de influéncia
diz respeito a extensao ou alcance espacial onde os efeitos de determinado processo,
estrutura ou intervencdo sdo sentidos (Mortoja; Yigitcanlar; Mayere, 2020). Essa
distingdo é crucial, pois reflete diferentes perspectivas de analise — uma voltada a

geracao e outra a propagacao de fendmenos territoriais.

A transposi¢ao do conceito de area de contribuicdo do dominio hidrolégico para
outros campos demandou adaptagdes metodologicas. Em hidrologia, sua delimitagéo
€ realizada a partir de Modelos Digitais de Elevagdo (MDE) e algoritmos de diregao
de fluxo (Rieger, 1998; Duvillier et al., 2023). No contexto do planejamento territorial,
novas abordagens tém sido incorporadas, como o uso de modelos de interacéo
espacial, redes de mobilidade, clustering espacial, dados de sensoriamento remoto e
aprendizado de maquina (ML, sigla do inglés machine learning) (Arribas-Bel; Garcia-
Lopez; Viladecans-Marsal, 2021; Fang et al., 2025). Essas técnicas permitem
identificar areas que “contribuem” para determinados fenémenos urbanos, ecolégicos

ou econdmicos, de modo dinamico e baseado em evidéncias empiricas.



20

Em aplicacbes urbanas e ambientais, a area de contribuicdo pode ser
interpretada de diferentes maneiras. Em ecologia da paisagem, por exemplo, ela
representa o conjunto de fragmentos que alimentam fluxos ecoldgicos de espécies ou
energia (Foltéte; Vuidel, 2017). Em planejamento de transportes, corresponde a area
de origem de viagens associadas a uma estacdo de metré ou terminal (Aprigliano et
al., 2024). No contexto de infraestrutura verde, o conceito se aplica a origem dos
beneficios ambientais, como a vegetagado que contribui para a redugéo de temperatura
em areas adjacentes (Semeraro et al., 2021). Em todos os casos, trata-se de
identificar o territério que fornece uma contribuicdo mensuravel para um processo

maior, fisico, bioldgico ou social.

A literatura recente destaca que ndo existe um método universal para a
delimitacdo de areas de contribuicdo, pois sua definicdo depende do sistema
analisado, da escala espacial, da disponibilidade de dados e dos objetivos da analise
(Chen et al., 2024). Essa flexibilidade metodoldgica reflete a propria evolugdo do
conceito, que se desloca de uma visdo fisica e unidimensional para uma abordagem
integrada e sistémica, atualmente incorporada também em modelos de aprendizado
de maquina e analises baseadas em dados ambientais (Olivatto; Di Lollo, 2025),

alinhada as demandas contemporaneas do planejamento territorial e ambiental.

Em sintese, a area de contribuicdo representa uma categoria espacial
fundamental para a compreenséo das relagdes de causa e origem no territorio. Sua
evolugdo do campo hidrolégico para uma aplicagao interdisciplinar revela o esforgo
em reconhecer os multiplos fluxos — naturais, infraestruturais e sociais — que
configuram a paisagem. Mais do que uma unidade de medida fisica, trata-se de um
conceito analitico que articula fontes, processos e efeitos em diferentes escalas,
oferecendo suporte tedrico e metodoléogico ao planejamento voltado a

sustentabilidade e a resiliéncia dos sistemas territoriais.

2.4 AVANCOS NA ANALISE DE PROCESSOS EROSIVOS

A compreensdo e o monitoramento dos processos erosivos lineares sao
fundamentais para o manejo sustentavel do solo e para a preservagao ambiental, uma
vez que o entendimento de suas dinamicas é condicdo necessaria para a formulagao

de estratégias eficazes de prevencgao e controle. A andlise desses processos fornece
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subsidios essenciais a tomada de decisdo e a gestdo sustentavel dos recursos
naturais (Frankl et al., 2020; Telles et al., 2011).

Diversas estratégias tém sido empregadas para a avaliagao da erosao do solo,
incluindo métodos diretos, como a perfilometria e a coleta de sedimentos, e
abordagens indiretas baseadas em estimativas e modelagens computacionais. Entre
os modelos mais difundidos destaca-se a Equacgao Universal de Perda do Solo (USLE,
sigla do inglés Universal Soil Loss Equation), desenvolvida por Wischmeier e Smith
(1978), que estima a perda média anual de solo a partir de variaveis relacionadas a
pluviometria, aos solos, a topografia e a cobertura da terra. Posteriormente, essa
equacao foi revisada, originando a RUSLE (Revised USLE), que manteve os fatores
fundamentais do modelo original, incorporando procedimentos digitalizados e
aprimoramentos na representacido dos efeitos da precipitacdo e do escoamento
superficial (Renard et al., 1997). Em complemento, modelos como o Sediment
Delivery Ratio (SDR) buscam estimar a produgado, o transporte e a retengao de
sedimentos, sendo disponibilizados em plataformas como o InNVEST®, que reune
diferentes modelos espaciais aplicaveis a multiplas escalas (Borselli et al., 2008;
Natural Capital Project, 2025).

Apesar de sua ampla aplicacido, esses modelos sao fortemente orientados a
estimativa do transporte de sedimentos, 0 que nem sempre corresponde de forma
direta as dindmicas especificas da erosao linear em ambientes urbanos, nas quais a
génese e a evolugdo das feigbes erosivas estdo frequentemente associadas a
reorganizagdo do escoamento superficial e as transformagdes antropicas da

paisagem.

O avancgo das geotecnologias representou um marco nos estudos sobre erosao
do solo, ao possibilitar a analise integrada de grandes volumes de dados espaciais. O
sensoriamento remoto permite a aquisicdo de informacdes orbitais com elevada
resolucdo espacial, espectral e temporal, enquanto os Sistemas de Informagao
Geografica (SIG) viabilizam a integragao, o tratamento e a analise desses dados em
ambiente computacional (Ganasri; Ramesh, 2016). Estudos baseados em modelos
empiricos associados a dados de sensoriamento remoto e SIG evidenciam o carater
dindmico e interconectado da erosdo em escala global (Borrelli et al., 2020). Mais

recentemente, a incorporagao de veiculos aéreos néo tripulados (VANT) e de técnicas
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de inteligéncia artificial (IA) tem ampliado as possibilidades analiticas. Comparagdes
entre estimativas volumétricas de perda de solo obtidas por modelos tradicionais e
aquelas derivadas de dados de VANT ou de modelos baseados em IA indicam o
elevado potencial dessas novas abordagens frente as técnicas convencionais (Giglio,
2025; Samarinas et al., 2024).

Nesse sentido, a integracao de técnicas de inteligéncia artificial tem promovido
avancgos significativos nos estudos sobre eros&o linear, sobretudo por meio da
aplicacdo de algoritmos de ML. Essas técnicas se destacam em fungédo de sua
capacidade de identificar padroes complexos em grandes volumes de dados e de
produzir modelos preditivos com elevado desempenho. No campo das ciéncias
ambientais, essas técnicas vém sendo utilizadas para apoiar analises relacionadas a
suscetibilidade a processos naturais, como escorregamentos, erosdo hidrica e
formacao de vocgorocas, além de aplicagdes voltadas a avaliagdo de riscos e ao

planejamento territorial (Pourghasemi et al., 2017; Amiri et al., 2019).

Diversos estudos indicam que modelos preditivos baseados em ML tém
superado modelos que utilizam modelos estatisticos bivariados tradicionais e a propria
RUSLE (Garosi et al., 2019; Pourghasemi et al., 2020; Rahmati et al., 2017; Lin; Zhao,
2022). Isso porque enquanto modelos classicos dependem de pressupostos
empiricos, os algoritmos de ML sao capazes de identificar padrées complexos a partir
dos proprios dados (Liu et al., 2023). Além deste fato, o0 avango dessas abordagens
também esta associado a crescente disponibilidade de bases de dados geoespaciais,
oriundas de sensores remotos, modelos digitais de terreno e sistemas de informacgdes
geograficas (SIG), bem como ao aumento da capacidade computacional. Esse cenario
tem favorecido a adogao de algoritmos capazes de lidar com relagdes nao lineares e
interacbes entre multiplas varidveis explicativas, superando limitacbes
frequentemente observadas em métodos estatisticos tradicionais (Pourghasemi et al.,
2017).

Entretanto, embora os resultados obtidos com técnicas de ML sejam, em muitos
casos, promissores, sua aplicagdo em estudos ambientais apresenta desafios
especificos. Entre eles, destacam-se as dificuldades relacionadas a qualidade, a
representatividade e a escala dos dados utilizados na modelagem, bem como a

transferéncia de modelos entre diferentes contextos geograficos e ambientais
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(Rahmati et al., 2017). Esses fatores podem comprometer a robustez dos modelos e

limitar sua capacidade de generalizagao.

Além disso, os processos ambientais sdo caracterizados por elevada
variabilidade espacial e temporal, 0 que impde restrigdes adicionais a aplicacéo direta
de algoritmos desenvolvidos originalmente para outros dominios do conhecimento. A
heterogeneidade dos sistemas naturais, associada a influéncia simultanea de fatores
climaticos, geomorfolégicos, pedolégicos e antropicos, exige abordagens
metodologicas que considerem explicitamente essa complexidade (Amiri et al., 2019).
Isso reflete diretamente em limitagdes quanto generalizagdo dos modelos. Resultados
obtidos em determinadas areas de estudo nem sempre podem ser transferidos
diretamente para outros contextos geograficos. Além disso, a definicdo das variaveis
explicativas e a forma de representacao das feicdes erosivas no banco de dados

influenciam significativamente o desempenho dos algoritmos (Rahmati et al., 2017).

Nesse contexto, a literatura recente tem enfatizado a necessidade de integrar
técnicas de aprendizado de maquina a fundamentos tedricos ja consolidados, de
modo a garantir que os modelos resultantes sejam ndo apenas estatisticamente
consistentes, mas também coerentes do ponto de vista fisico e ambiental
(Pourghasemi et al., 2017; Rahmati et al., 2017). Assim, a aplicacdo dessas
ferramentas deve ser acompanhada de uma analise critica de seus pressupostos,

limitagdes e implicagdes para a interpretagao dos fendmenos estudados.

Outro ponto recorrente na literatura diz respeito a necessidade de interpretar
os resultados dos modelos a luz do conhecimento técnico-cientifico ja consolidado.
Embora os algoritmos possam indicar a importancia relativa dos fatores
condicionantes, essa informacado deve ser analisada criticamente, de modo a evitar
conclusdes dissociadas dos processos fisicos que controlam a evolugdo das feigdes
erosivas. Assim, a integracdo entre modelagem computacional e analise critica
especializada constitui um requisito fundamental para a confiabilidade dos estudos

baseados em aprendizado de maquina (Pourghasemi et al., 2017; Liu et al., 2022).



24

3 FUNDAMENTAGAO TEORICA

3.1 APRENDIZADO DE MAQUINA

O aprendizado de maquina (machine learning — ML) constitui um subcampo da
inteligéncia artificial voltado ao desenvolvimento de métodos capazes de identificar
padrées em dados e realizar previsdes ou classificagées a partir da experiéncia, sem
que todas as regras de decisao sejam explicitamente programadas. Essas técnicas
tém sido amplamente incorporadas a diferentes areas do conhecimento,
impulsionadas pelo aumento da disponibilidade de dados digitais e pelo avango da
capacidade computacional, que viabilizam a analise de conjuntos de dados extensos

e complexos (Hastie; Tibshirani; Friedman, 2009; James et al., 2013).

De modo geral, os algoritmos de aprendizado de maquina podem ser
organizados conforme o tipo de aprendizagem adotado. No aprendizado
supervisionado, o modelo é treinado a partir de um conjunto de dados que inclui tanto
as variaveis explicativas quanto a variavel resposta, permitindo o ajuste de fung¢des
capazes de estimar classes ou valores desconhecidos. No aprendizado né&o
supervisionado, por sua vez, nao ha roétulos previamente definidos, sendo o objetivo
identificar estruturas latentes ou agrupamentos naturais nos dados. Ja o aprendizado
por reforgco baseia-se na interacdo continua entre o modelo e o ambiente, no qual
decisbes sao aperfeicoadas progressivamente a partir de mecanismos de

recompensa (Hastie; Tibshirani; Friedman, 2009).

Além dessa distingdo, os métodos de aprendizado de maquina também podem
ser classificados segundo a natureza do problema a ser resolvido. Destacam-se,
nesse sentido, os problemas de classificagdo e de regressdo. Nos problemas de
classificagdo, busca-se atribuir cada observagdo a uma categoria ou classe
previamente definida, enquanto nos problemas de regressao o objetivo consiste em
estimar valores continuos a partir de um conjunto de variaveis explicativas. Ha ainda
abordagens associadas a anadlise de agrupamentos (clustering) e a reducédo de
dimensionalidade, empregadas principalmente na exploragao inicial dos dados e na
identificacdo de padrdes de similaridade entre as observagbes (Hastie; Tibshirani;
Friedman, 2009; James et al., 2013).

O emprego dessas técnicas apresenta vantagens relevantes em comparagao

a métodos estatisticos tradicionais, sobretudo no que se refere a capacidade de lidar
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com relagdes nao lineares e com interagcbes complexas entre variaveis. Essa
caracteristica torna o aprendizado de maquina particularmente adequado para
aplicagdes em sistemas naturais e socioambientais, nos quais multiplos fatores atuam

de forma simulténea e interdependente (Amiri et al., 2019; Pourghasemi et al., 2017).

Entretanto, a adogdo de algoritmos de ML também impde desafios
metodoldgicos. O desempenho dos modelos depende fortemente da qualidade, da
representatividade e da consisténcia dos dados utilizados no treinamento. Bases de
dados incompletas ou enviesadas podem comprometer a robustez dos resultados e
limitar sua capacidade de generalizagdo. Ademais, muitos algoritmos operam como
modelos de “caixa-preta”, dificultando a compreensdao dos processos internos

responsaveis pelas predi¢gdes geradas (Molnar, 2022).

Outro ponto recorrente na literatura diz respeito a necessidade de interpretar
os resultados dos modelos a luz do conhecimento técnico-cientifico ja consolidado.
Embora os algoritmos possam indicar a importancia relativa das variaveis explicativas,
essa informacdo deve ser analisada criticamente, de modo a evitar conclusdes
dissociadas dos processos teoricos que fundamentam o fenémeno investigado.
Assim, a integragao entre modelagem computacional e analise especializada constitui
um requisito fundamental para a confiabilidade dos estudos baseados em aprendizado

de maquina (Pourghasemi et al., 2017; Liu et al., 2022).

Nesse sentido, emerge o aprendizado de maquina explicavel com o objetivo de
viabilizar a aproximacao entre os resultados obtidos por modelos computacionais € o
conhecimento do especialista. As técnicas de explicabilidade fornecem instrumentos
que permitem compreender como e em que medida as variaveis de entrada
influenciam as predi¢des dos algoritmos, favorecendo a interpretacéo dos resultados
e sua confrontacdo com fundamentos tedricos previamente estabelecidos. Ao reduzir
o carater de “caixa-preta” dos modelos, a explicabilidade contribui para a validagao
conceitual das inferéncias produzidas e para a incorporagao do julgamento técnico-

cientifico no processo analitico (Doshi-Velez; Kim, 2017; Molnar, 2022).

Dessa forma, a aplicacdo de técnicas de aprendizado de maquina em
pesquisas cientificas representa uma abordagem promissora, desde que
acompanhada de procedimentos rigorosos de validagdo, selegao criteriosa de

variaveis e interpretacdo fundamentada no arcaboucgo tedrico da area de estudo.
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Esses cuidados séo essenciais para assegurar que os modelos desenvolvidos reflitam
adequadamente a complexidade dos sistemas analisados e possam subsidiar a

produgao de conhecimento cientifico confiavel.

3.2 APRENDIZADO DE MAQUINA EXPLICAVEL

O uso crescente de modelos de aprendizado de maquina em aplicacoes
cientificas tem evidenciado a necessidade de compreender ndo apenas os resultados
obtidos, mas também os mecanismos que conduzem as predi¢des geradas. Muitos
algoritmos amplamente empregados apresentam elevada complexidade estrutural, o
que dificulta a interpretacao direta de seu funcionamento interno e de suas relagdes
entre variaveis de entrada e saida. Essa caracteristica tem sido associada ao
chamado problema da “caixa-preta”, no qual o modelo fornece respostas precisas,
porém pouco transparentes do ponto de vista conceitual (Doshi-Velez; Kim, 2017;
Molnar, 2022).

Nesse contexto, desenvolveu-se 0 campo do aprendizado de maquina
explicavel (explainable artificial intelligence — XAl), cujo objetivo central consiste em
ampliar a transparéncia dos modelos e possibilitar a compreenséo dos fatores que
influenciam suas predi¢cdes. A explicabilidade esta associada a capacidade de um
sistema fornecer informagdes inteligiveis sobre seu comportamento, permitindo que
usuarios humanos interpretem e avaliem criticamente os resultados produzidos. Em
aplicacoes cientificas, essa caracteristica € particularmente relevante, uma vez que
favorece a verificacdo da coeréncia entre as respostas do modelo e o conhecimento

tedrico ja estabelecido na area de estudo (Doshi-Velez; Kim, 2017).

As abordagens de explicabilidade podem ser organizadas, de modo geral, em
dois grupos principais: modelos intrinsecamente interpretaveis e métodos de
interpretacao post hoc. Os primeiros correspondem a algoritmos cuja propria estrutura
possibilita a compreensao direta das relagdes entre varidveis, como regressoes
lineares e arvores de decisdo simples. Ja os métodos post hoc sédo aplicados apds o
treinamento do modelo, com o propdsito de explicar seu comportamento sem alterar
sua arquitetura original, sendo especialmente relevantes no caso de modelos mais

complexos, como florestas aleatorias e redes neurais artificiais (Molnar, 2022).
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Entre os principais objetivos das técnicas de XAl destaca-se a identificagdo da
contribuigcao relativa das variaveis de entrada para as predi¢gdes do modelo, permitindo
avaliar quais fatores exercem maior influéncia sobre os resultados obtidos. Essa
informacéo pode ser utilizada tanto para a validagdo conceitual dos modelos quanto
para a deteccéo de possiveis inconsisténcias, vieses ou dependéncias espurias nos
dados utilizados no treinamento. Dessa forma, a explicabilidade contribui para
aumentar a confiabilidade dos modelos e para reduzir o risco de interpretacoes
inadequadas baseadas exclusivamente em métricas de desempenho (Doshi-Velez;
Kim, 2017; Molnar, 2022).

Outro aspecto relevante refere-se a relagdo entre explicabilidade e
generalizagdo dos modelos. A analise interpretativa dos resultados possibilita verificar
se os padrdes aprendidos pelo algoritmo s&o compativeis com os processos teoricos
que fundamentam o fendmeno investigado ou se refletem apenas caracteristicas
especificas do conjunto de dados empregado. Assim, as técnicas de XAl constituem
instrumentos auxiliares no controle de sobreajuste (overfitting) e na avaliagdo da
robustez conceitual dos modelos, ao permitir que os resultados sejam examinados a

luz de critérios cientificos externos ao préprio algoritmo (Molnar, 2022).

Diversos estudos apontam para a necessidade de se buscar um equilibrio entre
desempenho preditivo e interpretabilidade, a depender da aplicagédo considerada
(Zhou et al., 2018). Um exemplo ilustrativo € o estudo conduzido por Fernandez-
Delgado et al. (2014), no qual 179 classificadores foram avaliados utilizando 121
conjuntos de dados da base UCI. Os resultados indicaram que métodos como
florestas aleatdrias, maquinas de vetores de suporte, redes neurais e técnicas de
boosting figuram entre os algoritmos com melhor desempenho médio. Todavia, tais
meétodos sdo frequentemente caracterizados como modelos do tipo “caixa-preta”, uma
vez que permitem observar apenas as entradas e saidas, sem fornecer uma descrigao

transparente dos mecanismos internos responsaveis pelas predic¢oes.

Em contraposigéo, os chamados modelos de “caixa-branca” sdo concebidos de
modo a permitir a inspecao de sua estrutura interna, possibilitando a compreensao
explicita das decisdes produzidas. Entre esses modelos destacam-se as arvores de
decisao e os modelos de regressao, cujos parametros e regras podem ser diretamente

analisados e interpretados (Zhou et al., 2018). Entre os algoritmos usualmente
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considerados interpretaveis incluem-se a regressao linear, a regressao logistica e as
arvores de decisdo, embora essa classificagcdo esteja em constante evolugdo em
funcdo dos avangos metodoldgicos e das novas ferramentas de visualizagao e analise
(Zhou et al., 2018; Murdoch et al., 2019; Molnar, 2022).

Cada um desses modelos apresenta limitagdes especificas. A regresséo linear,
por exemplo, ndo é adequada a problemas de classificagdo. A regressao logistica,
embora supere essa restricdo, pode apresentar dificuldades de interpretacdo em
razao da natureza multiplicativa de seus coeficientes. Ambos os modelos tendem a
falhar quando a relagao entre variaveis explicativas e resposta € nao linear ou quando
ha interagdes complexas entre os atributos. As arvores de decisao, por sua vez,
mostram-se menos eficientes em cenarios dominados por relagdes lineares simples,
porém apresentam elevado potencial para representar interacbes entre variaveis,

além de fornecerem estruturas decisorias facilmente compreensiveis (Molnar, 2022).

Apesar de suas vantagens, a explicabilidade ndo elimina completamente as
limitacbes associadas aos modelos de aprendizado de maquina. As interpretacdes
fornecidas correspondem, em muitos casos, a aproximag¢des do comportamento real
do modelo, estando sujeitas a incertezas e variagdes conforme o método empregado.
Por esse motivo, a literatura ressalta que as técnicas de XAl devem ser utilizadas
como ferramentas complementares, e ndo como substitutos da analise tedrica e do

conhecimento especializado do pesquisador (Doshi-Velez; Kim, 2017; Molnar, 2022).

Portanto, o potencial central dessa abordagem reside na capacidade de
conciliar desempenho preditivo e transparéncia, fornecendo mecanismos de analise
das decisdes dos modelos a luz do conhecimento especializado. Nesse contexto,
modelos intrinsecamente interpretaveis, como as arvores de decisao, ocupam papel
de destaque, por possibilitarem a visualizagdo direta das regras que conduzem as
predicdes. Tal caracteristica justifica a adogcao deste algoritmo como objeto de analise
neste trabalho, uma vez que alia simplicidade estrutural, capacidade de modelagem
de relagdes nao lineares e potencial explicativo, aspectos que serdao discutidos na

segao seguinte.



29

3.3 ARVORE DE DECISAO: CART

As arvores de decisido constituem um método de aprendizado supervisionado
aplicavel tanto a problemas de classificagdo quanto de regressdo. Entre os algoritmos
mais difundidos dessa familia destaca-se o CART (Classification and Regression
Trees), proposto por Breiman et al. (1984), amplamente utilizado em fung¢ao de sua
simplicidade operacional, eficiéncia computacional e elevada capacidade

interpretativa.

O processo de construgao de uma arvore CART baseia-se na particdo recursiva
binaria do conjunto de dados. Em cada etapa, o algoritmo seleciona uma variavel
explicativa e um ponto de corte que possibilitem dividir os dados em subconjuntos
progressivamente mais homogéneos em relagdo a variavel resposta. Essa diviséo é
orientada por medidas de impureza, cujo objetivo € reduzir a incerteza associada a

classificagdo ou a estimativa da variavel dependente.

Em problemas de classificagdo, a métrica de impureza mais empregada € o
indice de Gini, o qual expressa o grau de heterogeneidade das classes em cada né

da arvore. Para um né t, o indice de Gini & definido por:

c
Gini(t) =1 —Zpiz
=

L

em que p;representa a propor¢ao de observagdes pertencentes a classe ino no
considerado, e Ccorresponde ao numero total de classes. A divisdo étima € aquela
que resulta no menor valor do indice de Gini, indicando maior pureza dos subconjuntos

formados (Breiman et al., 1984).

ApOs a realizagao das primeiras divisdes, a arvore continua a crescer de forma
iterativa até que sejam atendidos determinados critérios de parada, tais como a
profundidade maxima da arvore ou o numero minimo de amostras por né. Esses
critérios exercem papel fundamental no controle da complexidade do modelo, uma
vez que influenciam diretamente o equilibrio entre sobreajuste (overfitting) e subajuste
(underfitting) (Phalak, 2014). Conforme discutido por Buitinck et al. (2013), os

principais parametros associados a esse controle incluem:
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o Profundidade maxima da arvore (max_depth), que restringe o numero de
niveis hierarquicos do modelo. Arvores excessivamente profundas tendem a
capturar ruidos presentes nos dados de treinamento, enquanto arvores rasas
podem ser incapazes de representar adequadamente a complexidade do

problema.

« Numero minimo de amostras para divisao de um né (min_samples_split),
que define o tamanho minimo de um subconjunto para que uma nova partigao

seja realizada, evitando a criagdo de ramos muito especificos.

« Numero minimo de amostras em nés folha (min_samples_leaf), que
assegura um quantitativo minimo de observagbes em cada noé terminal,

reduzindo a probabilidade de divisbes baseadas em poucos dados.

« Reducao minima de impureza (min_impurity _decrease), que estabelece um
limiar minimo de ganho na pureza para que uma divisdo seja considerada

valida, inibindo a criagdo de ramos pouco informativos.

Além dos critérios de parada, a poda constitui uma etapa relevante no processo
de ajuste das arvores de decisdo, sendo empregada com o objetivo de limitar a
complexidade do modelo e melhorar sua capacidade de generalizagao. A poda busca
eliminar ramos pouco representativos, reduzindo a variancia do modelo e minimizando
o risco de aprendizado de padrdes espurios presentes nos dados de treinamento
(Ahmed; Rizaner; Ulusoy, 2018).

Em tarefas de classificagdo, destaca-se a técnica de poda por custo-
complexidade (Cost-Complexity Pruning — CCP), que estabelece uma relagcéo entre o
erro de classificacdo e a complexidade estrutural da arvore (Mingers, 1989). Nesse
método, a arvore € inicialmente expandida até seu tamanho maximo, sendo
posteriormente simplificada por meio da remogao progressiva de ramos, de acordo

com penalizagdes associadas a complexidade do modelo.

Uma das principais vantagens das arvores de decisdo, particularmente do
algoritmo CART, reside em sua interpretabilidade. A estrutura hierarquica do modelo
permite representar explicitamente as regras de decisdo adotadas em cada no,
possibilitando a visualizagdo do processo de classificagdo de forma intuitiva e
compreensivel (Molnar, 2020). Essa caracteristica torna o algoritmo especialmente
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adequado a aplicagbes em que a transparéncia dos resultados € um requisito

relevante.

Outro aspecto associado a interpretabilidade refere-se a analise da importancia
das variaveis explicativas. Em geral, essa importancia é estimada a partir da
contribuicdo de cada variavel para a redugcao da impureza ao longo das divisbes
realizadas na arvore. Variaveis que aparecem com maior frequéncia nos niveis
superiores tendem a exercer maior influéncia sobre o processo decisério do modelo
(Sandri; Zuccolotto, 2008). Contudo, apesar dessas vantagens, as arvores de decisao
podem apresentar sensibilidade a pequenas variagdes nos dados de entrada, o que
pode resultar na geracdao de estruturas significativamente distintas a partir de

alteracdes discretas no conjunto de treinamento (Hastie; Tibshirani; Friedman, 2009).

Do ponto de vista computacional, as arvores de decisao caracterizam-se por
relativa eficiéncia no treinamento e baixa exigéncia de memoaria, sobretudo em bases
de dados de pequeno e médio porte. Entretanto, em situagdes que envolvem grandes
volumes de dados ou variaveis categoricas com muitos niveis, o tempo de construgéo
pode aumentar consideravelmente, uma vez que o algoritmo avalia exaustivamente

as possiveis divisdes em cada n6 (Hastie; Tibshirani; Friedman, 2009).

A ampla disponibilidade de implementagbes em bibliotecas computacionais
modernas, como o scikit-learn (Pedregosa et al., 2011), tem contribuido para a difusao
do algoritmo CART em diferentes areas do conhecimento. Essas ferramentas
disponibilizam mecanismos flexiveis para ajuste de parametros, definigdo de critérios
de parada, aplicagdo de poda e escolha de métricas de avaliagao, favorecendo a
reprodutibilidade dos experimentos e a adaptacdo do modelo a distintos contextos de

pesquisa.

3.3.1 Métricas de avaliacao

A avaliagao do desempenho de modelos de aprendizado de maquina constitui
uma etapa central do processo de modelagem, pois permite quantificar a capacidade
preditiva dos algoritmos e comparar diferentes estratégias metodolédgicas. As métricas
empregadas variam conforme a natureza do problema analisado, sendo usualmente
distintas para tarefas de classificagao e de regressao (Hastie; Tibshirani; Friedman,
2009; James et al., 2013).
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Em problemas de classificagao, a analise do desempenho baseia-se, em geral,
em medidas derivadas da matriz de confusdo, que relaciona as classes previstas pelo
modelo com as classes observadas. Entre as métricas mais utilizadas destaca-se a
acuracia, definida como a proporcao de predi¢cdes corretas em relacdo ao total de
observagdes. Embora amplamente empregada, essa medida pode ser insuficiente em
situagcbes nas quais as classes sdo desbalanceadas, uma vez que resultados
elevados de acuracia podem mascarar dificuldades do modelo em identificar

corretamente a classe minoritaria (James et al., 2013; Powers, 2011).

Outras meétricas relevantes incluem a sensibilidade (recall), associada a
capacidade do modelo em reconhecer corretamente os casos positivos, e a precisao
(precision), que expressa a proporgao de predigdes positivas que sao efetivamente
corretas. A medida F1, definida como a média harmbnica entre precisdo e
sensibilidade, constitui um indicador sintético particularmente util quando se busca
equilibrar esses dois aspectos do desempenho. A especificidade, por sua vez,
representa a proporgdo de casos negativos corretamente classificados, sendo
empregada em conjunto com a sensibilidade para caracterizar o comportamento do

classificador (Powers, 2011).

Além dessas medidas pontuais, a curva ROC (Receiver QOperating
Characteristic) e a area sob a curva (AUC) sao amplamente utilizadas para avaliar o
desempenho global de modelos de classificagdo. A curva ROC expressa a relagéo
entre a taxa de verdadeiros positivos e a taxa de falsos positivos para diferentes
limiares de deciséo, enquanto a AUC fornece uma medida agregada dessa relagao,
permitindo a comparacao entre distintos classificadores independentemente do ponto
de corte adotado (Fawcett, 2006). Valores de AUC mais elevados indicam maior

capacidade discriminatdria do modelo.

Para problemas de regressdo, a avaliacdo do desempenho baseia-se em
métricas que quantificam a discrepancia entre os valores observados e os valores
estimados pelo modelo. Entre as medidas mais empregadas destacam-se o erro
quadratico médio (MSE), a raiz do erro quadratico médio (RMSE) e o erro absoluto
médio (MAE). Essas métricas fornecem estimativas diretas da magnitude dos erros
de predicao, sendo particularmente Uteis para comparar diferentes modelos ajustados

a um mesmo conjunto de dados. O coeficiente de determinacdo (R?) também é
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utilizado para expressar a propor¢ao da variancia explicada pelo modelo, embora sua
interpretacédo deva ser realizada com cautela em contextos de elevada complexidade
dos dados (Hastie; Tibshirani; Friedman, 2009; James et al., 2013).

A escolha das métricas de avaliagdo deve considerar os objetivos especificos
do estudo e as caracteristicas do conjunto de dados. Em situagdes nas quais os custos
associados aos diferentes tipos de erro ndo sao equivalentes, métricas baseadas
apenas na acuracia ou no erro médio podem néo representar adequadamente o
desempenho do modelo. Nesses casos, a utilizagdo conjunta de multiplos indicadores
permite uma analise mais abrangente e consistente, reduzindo o risco de

interpretacdes simplificadas ou enviesadas (Powers, 2011; Fawcett, 2006).

Associadas as métricas de desempenho, as estratégias de validagdo
desempenham papel fundamental na estimativa da capacidade de generalizagdo dos
modelos. A divisdo dos dados em conjuntos de treinamento e teste, bem como a
aplicagdo de procedimentos de validagdo cruzada, sao praticas amplamente
recomendadas para reduzir o risco de sobreajuste (overfitting) e para obter estimativas
mais realistas do desempenho dos algoritmos em dados n&o utilizados no ajuste do
modelo (James et al., 2013). Dessa forma, a avaliagdo de modelos de aprendizado de
maquina deve ser compreendida como um processo integrado, que articula métricas
quantitativas e procedimentos de validagdo, contribuindo para a robustez e a

confiabilidade dos resultados obtidos.
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4 CONTEXTUALIZAGCAO DO ARTIGO 1

O primeiro artigo, intitulado “Dynamics of linear erosion processes in urban
areas: an approach based on GIS and CART algorithm”, tem um papel fundamental
na composigcdo da presente tese, uma vez que, a partir da pergunta de pesquisa,
norteou a elaboragao da hipétese: as mudangas na cobertura do solo sdo os principais
desencadeadores dos processos erosivos em areas urbanas.

Em suma, foi investigada a influéncia das condi¢des naturais e antropicas na
ocorréncia de processos erosivos lineares em areas urbanas. Para isso, foram
analisadas as feicdes erosivas lineares de ravinas e vogorocas mapeadas pelo
Instituto de Pesquisas Tecnoldgicas (IPT) nas areas urbanas do estado de Sao Paulo.
Essas feicdes foram entdo associadas a atributos de material de origem, uso do solo,
erosividade das chuvas e caracteristica das encostas.

A metodologia adotada neste estudo desempenhou um papel crucial ao
evidenciar a relevancia do pré-processamento adequado dos dados para a
implementagdo eficaz dos algoritmos de aprendizado de maquina. A correta
preparacdo dos dados, incluindo limpeza, transformacédo e selecdo de variaveis,
mostrou-se fundamental para garantir a qualidade e a confiabilidade dos resultados
obtidos. Além disso, a modelagem foi estruturada com base em um procedimento de
validacdo cruzada em 10 partigdes (10-fold cross-validation), associado a uma
estratégia sistematica de ajuste de pardmetros, que considerou diferentes
configuracbes de complexidade da arvore de decisdo, a introdugdo de custos
assimétricos de classificacdo para lidar com o desbalanceamento entre classes e a
avaliacao do efeito da poda do modelo.

A opgao pelo algoritmo de Arvore de Classificagdo e Regressdo (CART) foi
estratégica, levando em consideragéo as caracteristicas das variaveis dependentes e
independentes de entrada, bem como os objetivos especificos do estudo. Ao adotar
um conjunto de critérios que conciliou desempenho preditivo, equilibrio entre classes
e parciménia do modelo, foi possivel realizar uma anélise precisa e abrangente da
importancia dos fatores de influéncia na previsao dos processos erosivos lineares em
areas urbanas.

Os resultados indicaram, dentre outros aspectos, a importancia dos atributos
analisados na explicabilidade de ocorréncia das feicdes erosivas de ravinas e

vogorocas, sendo possivel identificar que as variaveis de natureza antrépica tém maior
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relevancia, especificamente, as relacionadas ao uso do solo. As variaveis
contextualizadas neste conjunto - uso a montante, uso a jusante e cobertura do solo -
se mostraram as mais relevantes para incitar o fenbmeno estudado, uma vez que a
soma dos valores de importancia explicativa delas representa o maior percentual,
seguido por material de origem, caracteristicas do relevo e erosividade.

As conclusdes deste artigo enfatizaram a pertinéncia de compreender como o
uso do solo de fato influencia o desencadeamento de processos erosivos e
fomentaram o debate acerca de como esta variavel deve ser incorporada as analises.
Isso devido a natureza progressiva e dinamica que caracteriza a formacado das
erosoes lineares: ndo apenas a configuragao estatica do uso do solo, mas sim as suas
transigdes ao longo do tempo e no espago circundante, considerando a area de
contribuigdo que efetivamente interage com o fendbmeno. Neste sentido, a pesquisa
evidenciou a necessidade de avango metodoldgico nestes aspectos.

O texto do artigo, escrito em inglés, foi avaliado e aceito para publicagao pelo
periodico cientifico “Revista Brasileira de Cartografia’, estando em fase de editoragcao
textual. A versdo completa do artigo encontra-se em apéndice neste documento
(APENDICE A — Artigo 1).
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5 CONTEXTUALIZAGAO DO ARTIGO 2

O segundo artigo, intitulado “Sampling strategies for machine learning-based
linear erosion studies: a review approaching contributing area”, tem papel fundamental
no direcionamento do procedimento metodoldgico principal da tese. A partir das
consideragdes e conclusbes do artigo 1, este artigo buscou investigar aspectos
metodoldgicos a serem considerados na obtencao e estruturagcéo dos dados afim de
viabilizar a implementagdo do modelo de aprendizado de maquina.

A partir das premissas apresentadas na introducao deste artigo, se estabelece
a hipoétese de que amostragem e area de influéncia séo tépicos sensiveis em estudos
de natureza ambiental desenvolvidos por meio de metodologias e aplicagdes que
incorporam técnicas de inteligéncia artificial.

Dessa forma, o proposito deste artigo foi investigar essa suposi¢céo inicial
através da realizacdo de uma analise bibliométrica e da extragdo sistematica de
informacgdes utilizando inteligéncia artificial (IA), abrangendo 127 documentos
cientificos pertinentes tanto a erosao linear quanto ao aprendizado de maquina,
datados de 2017 a 2023. A extracao de informacdes utilizando uma ferramenta de IA

buscou responder as seguintes questodes:
I.  Quais métodos de analise multivariada sdo mencionados?
[I.  Quais métodos de aprendizado de maquina sdo mencionados?
lll.  Que métodos estatisticos sdo mencionados?
IV.  Quais linguagens de programacéo sao mencionadas?
V. Quais ferramentas ou materiais baseados em GIS sdo mencionados?

Além disso, para enriquecer a discussao, foram minuciosamente examinados
documentos que tratavam especificamente sobre amostragem e area de influéncia,

dentro do contexto de um estudo exploratdrio-descritivo.

Os resultados indicaram que a implementacao de técnicas de aprendizado de
maquina no contexto da analise de erosao linear depende fortemente de estratégias
eficazes de amostragem. A discussao destacou diversos métodos de amostragem
adaptados para lidar com a natureza espacial dos dados geoespaciais, enfatizando a
importancia de considerar fatores como desequilibrio de classes, autocorrelagcao

espacial e recursos computacionais disponiveis.
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A amostragem de nao ocorréncia (instancia negativas do fendmeno) emerge
como um aspecto critico no aprendizado de maquina, especialmente para lidar com o
desequilibrio de classes inerente a muitos cenarios do mundo real. Fornecer um
conjunto representativo de exemplos negativos ajuda a mitigar vieses (bias) e garante
a acuracia do modelo para novos dados nao vistos. A amostragem adequada e
balanceada de amostras de ocorréncia e ndo ocorréncia também ajuda a evitar o
sobreajuste e a promover um melhor desempenho do modelo ao facilitar a
aprendizagem de padrdes relevantes e reduzir o ruido presente em instancias

positivas.

A revisao descritiva-exploratoria indicou que técnicas de dispersao espacial,
como a técnica de amostragem estratificada espacialmente, mostram-se mais
adequadas para o cenario investigado (contextos ambientais). Especificamente, a
estratégia de posicionar amostras de nao ocorréncia fora da area de contribuicao
hidrolégica, com um buffer que pode variar de 50 a 2.500 metros da borda dessa area,
foi eficaz para representar a diversidade ambiental e capturar condi¢des variadas de
terreno. Além disso, a proporgao de densidade de amostras de 1 para 1,2 entre
ocorréncia e nao ocorréncia contribuiu para garantir uma distribuicdo equilibrada de
pontos de amostragem, permitindo uma cobertura abrangente da area de estudo e
uma representacdo adequada de diferentes condicbes ambientais. Outra
possibilidade levantada entre os estudos analisados € a possibilidade de intervencao
a partir do conhecimento do especialista, contudo, a maneira como esse

conhecimento é formalizado e operacionalizado metodologicamente nao é detalhada.

A revisao permitiu concluir que ainda existe possibilidades para melhorias na
integracdo de dindamicas complexas de paisagem - como caracteristicas de uso e
ocupacgao do solo - em modelos de aprendizado de maquina para suscetibilidade a
erosao linear. Embora atributos topograficos da area de influéncia sejam comumente
incorporados, verifica-se uma lacuna na plena utilizacdo dos fatores acumulativos
para a dindmica da agua, como tamanho da area de drenagem e a distribuicdo de
usos da terra dentro dela. Os esforcos de pesquisa futuros apontam para a
necessidade de desenvolvimento de modelos que considerem a interacdo de varios
fatores ambientais e sua influéncia na superficie para aprimorar a acuracia e a

confiabilidade das avaliacdes de suscetibilidade a erosao linear.
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O papel deste artigo é fornecer uma base tedrica solida para o desenvolvimento
do terceiro artigo da presente tese, incorporando os aspectos metodologicos
limitadores identificados até entdo. O texto foi originalmente escrito em inglés e
encontra-se no prelo (pre-proof) do periodico “Natural Hazards Research”. A versao

do artigo encontra-se em apéndice neste documento (APENDICE B — Artigo 2).
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6 CONTEXTUALIZAGAO DO ARTIGO 3

O terceiro artigo da tese, “Unveiling Land Use Drivers of Urban Gully Erosion:
An Interpretable Machine Learning Approach”, teve como objetivo especifico a
investigacédo da importancia das atividades humanas, representadas por atributos de
mudancgas de uso e ocupagao do solo, na ocorréncia de erosédo em areas urbanas.
Este artigo foi motivado pelos resultados dos artigos 1 e 2, os quais indicaram a
relevancia efetiva do uso do solo no desencadeamento de processos erosivos e o
potencial da area de contribuicdo como delimitador na sele¢do de amostras de

instancias positivas e negativas.

O método empregado se embasou em testes de correlagao dos dados, seguido
do emprego de um algoritmo interpretavel — arvore de decisdo CART — para avaliagéo

da importancia das variaveis para a explicabilidade do fenédmeno.

Foram investigados os padrées de mudanca de cobertura do solo e a influéncia
deles na ocorréncia de processos erosivos nas areas urbanas do estado de Sao
Paulo. O estudo utilizou um inventario pontual de 1.398 processos erosivos em areas
urbanas do IPT e propds uma estratégia inovadora para a incorporagao de instancias
negativas, pontos de ndo ocorréncia de processos erosivos, na proporgao de 1:1,2
(Liu et al., 2023). Logo, foram estabelecidas 1.678 instadncias negativas para
processos erosivos. Também foi conduzida uma analise comparativa quanto a
estratégia de incorporagao das classes de transi¢cées de uso do solo: (i) considerando
um buffer de 100 m a partir da feigdo pontual; (ii) considerando a area de contribui¢ao

hidrica delimitada a partir dessa feicao pontual.

Investigaram-se os padrdes de mudanca da cobertura do solo em um intervalo
temporal de 20 anos (1990-2010). A definicdo desse periodo deve-se a dois fatores
principais: (i) o ano final (2010) coincide com a data do inventario de dados erosivos
que fundamenta a analise, e (ii) o ano inicial (1990) foi selecionado para capturar a
maior variabilidade possivel de transicbes, uma vez que a analise dos dados
matriciais, com resolugéo de 30m, indicou uma baixa variabilidade significativa entre
0s anos subsequentes, tornando 1990 a opcédo mais robusta para um baseline de

qualidade.

A construgdo dos conjuntos de dados envolveu um trabalho minucioso em

ambiente SIG e, posteriormente, focou no desenvolvimento do modelo e ajuste dos
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hiperparametros adequados para a analise desses conjuntos de dados. Para tal, a
codificagdo baseada em frequéncia, na qual cada variavel representa a proporgao
relativa de uma determinada transi¢cao de uso do solo em uma area especifica, e a
normalizag&o por linha possibilitaram comparagdes diretas entre diferentes regides e

entre os conjuntos de dados.

Em suma, a metodologia adotada demonstrou-se eficaz para a analise da
influéncia das transicbes de uso do solo na erosdo, combinando técnicas de
aprendizado de maquina interpretaveis com uma abordagem sistematica de

validagao.

Em termos de interpretacdo dos resultados, as transi¢cdes de uso do solo mais
importantes para a classificacdo de erosao nas arvores de decisado foram, para ambos
os conjuntos de dados, aquelas relacionadas a usos agropecuarios que se
mantiveram inalterados ou que se converteram em areas nao vegetadas, sugerindo

que essas caracteristicas representam situagdes mais propensas a sofrer erosao.

As areas de florestas que permaneceram como florestas, apresentaram
caracteristicas estatisticas bastante similares nos dois conjuntos de dados analisados.
Apesar dessa semelhanca, a importancia da variavel variou significativamente entre
os modelos ajustados, No modelo baseado nas areas de contribui¢gdo hidrica essas
areas de florestas foram a variavel mais relevante, enquanto no modelo ajustado com
o conjunto baseado no buffer de 100 m, essa variavel sequer figurou entre as mais

importantes.

A comparagao entre as duas estruturas dos dados muito além permitir
identificar a estrutura mais adequada para incorporacgao, ofereceu uma base solida
para estudos futuros sobre o tema. Isso porque apesar da area de contribuicio hidrica
ter se mostrado mais promissora na identificagdo de casos positivos para erosao, a

estratégia de buffer apresentou um melhor equilibrio preditivo entre as classes.

O texto foi originalmente escrito em inglés e encontra-se em fase de avaliagcao
no periddico “Earth Surface Processes and Landforms”. A versao do artigo encontra-

se em apéndice neste documento (APENDICE C — Artigo 3) .

1 O artigo encontra-se submetido a periddico cientifico e em processo de avaliagdo. Assim, sua verséo
definitiva podera sofrer ajustes decorrentes das recomendacdes dos pareceristas e das diretrizes
editoriais, inclusive quanto ao titulo e ao peridédico no qual sera publicado.
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7 CONSIDERAGOES FINAIS

Os objetivos delineados no inicio desta pesquisa foram abordados de maneira
progressiva e integrada, com os Artigos 1 e 2 representando os alicerces teorico e
metodoldgico que sustentaram as investigagbes do Artigo 3, o qual, por sua vez,

respondeu a questao de pesquisa central e comprovou a hipotese da tese.

O Artigo 1 cumpriu o papel fundamental de validar a premissa inicial,
demonstrando de forma robusta que variaveis antrépicas, em especial as relacionadas
ao uso e cobertura do solo, sdao os principais fatores no desencadeamento de
processos erosivos lineares em areas urbanas. Mais do que confirmar essa influéncia,
seus resultados sinalizaram a necessidade de superar a analise estatica da paisagem,
apontando para a importancia de considerar as transi¢cdes temporais € a area de

contribuigdo que interage espacialmente com o fenémeno.

Esta constatacao direcionou o escopo do Artigo 2, que se dedicou a investigar
os fundamentos metodoldgicos para tal avango. A revisdo sistematica realizada
evidenciou a amostragem de instdncias negativas e a delimitacdo de areas de
influéncia como aspectos criticos para a robustez de modelos de aprendizado de
maquina. O artigo consolidou assim as diretrizes para a correta estruturacao dos
dados, recomendando estratégias espaciais especificas e fornecendo a base tedrica

solida necessaria para a etapa seguinte.

Finalmente, o Artigo 3 operacionalizou todo o conhecimento acumulado,
aplicando-o para identificar os padroes de mudancga de uso do solo com maior impacto
na erosao linear. A pesquisa confirmou que transicbes relacionadas a usos
agropecuarios estaveis ou convertidos em areas nao vegetadas sado altamente
significativas. A contribuicdo metodolégica deste artigo foi dupla e reveladora: a
comparagao entre as abordagens da area de contribuigédo hidrica e do buffer de 100m
demonstrou que elas possuem potenciais preditivos distintos e complementares.
Enquanto a area de contribuicdo hidrica mostrou-se mais eficaz na identificagao de
casos positivos de eroséo (e.g., elegendo "areas de floresta preservada" como sua
variavel mais relevante), a estratégia do buffer proporcionou um melhor equilibrio
preditivo geral entre as classes. Portanto, os resultados ndo indicam a superioridade
de uma abordagem sobre a outra, mas sim a necessidade de seleciona-las com base

no objetivo especifico do modelo — seja para detecgdo maxima de eventos ou para
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um balanceamento global de precisdo —, abrindo um campo fértil para investigacoes

futuras que busquem validar e estabelecer suas potencialidades de forma mais ampla.

Em sintese, esta tese ndo apenas alcangou seu objetivo de investigar o efeito
das transicdes de cobertura do solo na erosao linear urbana, mas também ofereceu
uma contribuicdo metodoldgica substancial. Ao longo dos trés artigos, foi construido
e validado um arcabougo analitico que integra, de forma inovadora, a dimensao
espacgo-temporal das mudangas antropicas a modelagem preditiva. Os resultados aqui
obtidos possuem aplicabilidade direta, fornecendo subsidios valiosos para a
academia, o planejamento urbano e a gestao de riscos, e contribuindo, em ultima

instancia, para o desenvolvimento de cidades mais resilientes e sustentaveis.
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Abstract: Linear erosion is a significant geomorphological process that progresses through distinct stages—rills,
gullies, and ravines—shaped by natural and anthropogenic factors. While extensively studied in rural environments,
its occurrence and dynamics in urban areas remain understudied, despite their implications for infrastructure stability
and urban planning. This study investigates the relative influence of substrate conditions, land use, rainfall erosivity,
and geomorphometric variables on the occurrence of gullies and ravines in urban areas, using a case study in Sao
Paulo State, Brazil. An inventory of 1,398 mapped urban erosion features was analyzed using Geographic Information
Systems (GIS) and a Classification and Regression Tree (CART) model. Results indicate that anthropogenic factors—
particularly triggering actions related to surface runoff and stormwater management—are the dominant controls on
urban linear erosion, surpassing traditional natural predictors such as rainfall erosivity. Geological conditions and
geomorphometric attributes, especially elevation and plan curvature, play a secondary but meaningful role by
conditioning the susceptibility of terrain units. The results also shown a cluster of geological formations with a lower
propensity for gully development. The final pruned CART model achieved balanced classification performance
(overall accuracy of 72.7%, AUC = 0.78), demonstrating robust generalization and limited overfitting. These findings
highlight the central role of urban hydrological alteration in erosion processes and emphasize the need to integrate
erosion risk assessment into urban planning and stormwater management strategies, contributing to more resilient and
sustainable cities.

Keywords: Gully. Ravine. Land Use. Geographic Information System. Decision Tree.

Resumo: A erosdo linear ¢ um importante processo geomorfoldgico que evolui por estagios distintos — sulcos,
ravinas e vogorocas — sendo condicionada por fatores naturais e antropicos. Embora amplamente estudada em
ambientes rurais, sua ocorréncia ¢ dindmica em areas urbanas permanece pouco investigada, apesar de suas
implicagdes para a estabilidade da infraestrutura e o planejamento urbano. Este estudo analisa a influéncia relativa das
condigdes do substrato, do uso do solo, da erosividade das chuvas e de variaveis geomorfométricas na ocorréncia de
ravinas e vogorocas em areas urbanas, a partir de um estudo de caso no estado de Sdo Paulo, Brasil. Um inventario de
1.398 fei¢des de erosdo linear urbana mapeadas foi analisado usando Sistemas de Informagao Geografica (SIG) e um
modelo de Arvores de Classificagio e Regressio (CART). Os resultados indicam que fatores antropicos —
particularmente acdes desencadeadoras associadas ao escoamento superficial e ao manejo das aguas pluviais —
constituem os principais controles da erosdo linear urbana, superando preditores naturais tradicionais, como a
erosividade da chuva. As condig¢des geoldgicas e os atributos geomorfométricos, especialmente a altitude e o plano
de curvatura, exercem um papel secundario, porém relevante, ao condicionarem a suscetibilidade das unidades do
terreno. Os resultados também evidenciaram um agrupamento de formagdes geoldgicas com menor propensiao ao
desenvolvimento de vogorocas. O modelo CART final podado apresentou desempenho de classificagao equilibrado
(acuracia global de 72,7%, AUC = 0,78), indicando boa capacidade de generalizacdo e baixa suscetibilidade ao
sobreajuste. Esses achados reforcam o papel central das alteracdes hidroldgicas induzidas pela urbanizacdo nos
processos erosivos ¢ destacam a necessidade de integrar a avaliacdo do risco de erosdao ao planejamento urbano e as
estratégias de gestdo das aguas pluviais, contribuindo para cidades mais resilientes e sustentaveis.
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1 INTRODUCTION

Soil erosion is among the most damaging environmental degradation processes on the globe, reaching
urban and rural populations. The consequences of erosion processes, besides damaging the environment
(Chalise et al., 2019; Issaka & Ashraf, 2017), have economic and social reflexes, such as loss of agricultural
areas, compromising food production and material and human losses in urban occupations in risk zones (Pierce
& Lal, 2017; Pimentel, 2006; Rodrigo-Comino et al., 2018; Telles et al., 2011; van Zelm et al., 2018; Zdruli
et al., 2016).

Estimates show that 50% of global soil erosion is caused by water (Blanco-Canqui & Lal, 2010). The
Brazilian Southeastern region holds most of the country’s economic activities (55.4%), as well as 42.6% of
the Brazilian population (IBGE, 2010). Most erosion processes are observed in the Parana River basin, where
natural and anthropic conditions have intensified these processes (Anache et al., 2017; Costa et al., 2015;
Dorici et al., 2016; Sparovek et al., 2007).

Several researchers rely on studies about accelerated soil erosion as core environmental degradation,
which is triggered by activities such as changes in land cover, inappropriate agricultural practices, as well as
wrong occupation of slope areas, water bodies’ neighbourhoods’ and land prone to erosion, besides associated
socio-environmental issues (Mota, 1995; Zuquette et al., 2013; Carvalho et al., 2019).

Understanding erosion susceptibility as inherent to the environment, it is possible to define different
potentials of predisposition to erosion-processes development depending on a combination of several
conditions. Cunha and Guerra (2009) categorized the factors triggering and/or controlling erosion processes
as follows: geomorphometric features, land use/cover, geological material, and rainfall erosivity.

In this context, the spatial distribution and dynamics of erosion-conditioning factors are typically
assessed using cartographic approaches, particularly through susceptibility maps. This can be achieved using
different information treatment techniques, as observed in Pons, Pejon and Zuquette (2007), Di Lollo and Sena
(2013), Galharte, Villela and Crestana (2014), Durdes and Mello (2016), Javidan et al. (2019) and Prieto-
Amparan et al. (2019).

Despite the increasing concerns over soil erosion in urban environments, most existing studies focus
on rural areas, leaving a significant gap in understanding the specific drivers and mechanisms of linear erosion
in cities. Traditional approaches often emphasize natural factors, such as geomorphology and rainfall erosivity,
but fail to adequately incorporate anthropogenic influences, which are dominant in urban settings. This study
advances the field by integrating both natural and human-induced variables—such as upstream and
downstream land use—into an erosion susceptibility analysis, employing a Classification and Regression Tree
(CART) model. While decision tree-based methods have been widely applied in environmental modeling, their
use in urban erosion studies remains limited. By applying this methodological approach to a densely populated
and highly urbanized environment, this research provides new insights into the role of land use dynamics and
stormwater management in shaping urban erosion processes. Moreover, the framework developed is not
limited to a specific geographic region and can be adapted to assess erosion susceptibility in various urban
contexts worldwide.

Acknowledging the relevance of this topic to help better understand erosion processes’ triggering and
evolution, and also considering the scarcity of studies focusing on urban areas, the aim of the present study
was to assess the influence of natural and anthropic conditions on linear erosion processes observed in Sdo
Paulo State urban areas.

1.1  Gully erosion in urban areas
Urban linear erosion is widely recognized as a direct outcome of anthropogenic disturbances to local

hydrological systems. Rapid and frequently unplanned urban growth modifies natural runoff dynamics through
vegetation removal, soil compaction, surface sealing, and the artificial concentration of flow along streets,
plots, and drainage structures. These changes increase runoff volume and velocity, allowing surface water to
exceed soil resistance and initiate incision processes that may rapidly evolve into larger erosional features
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(Janior et al., 2010; De Albuquerque et al., 2020; Mawe et al., 2025).

A consistent finding in the literature is the central role of roads, unpaved surfaces, and deficient
stormwater drainage in triggering urban gullies. Streets, road embankments, drainage ditches, and concentrated
discharge points often function as preferential flow paths, promoting headcut initiation and channel deepening,
particularly on steep or topographically convergent slopes (Gudifio-Elizondo et al., 2018; Rahmati et al., 2022;
Imwangana et al., 2025). Evidence from both Global South cities and Brazilian case studies shows that even
areas with moderate natural susceptibility can develop severe erosion once urban hydrology is profoundly
altered (Zolezzi et al., 2018; Mawe et al., 2024).

Natural controls such as slope gradient, soil texture, lithology, and groundwater behavior strongly
condition the spatial distribution and rate of erosion, but their influence is commonly amplified by human
interventions. Sandy or deeply weathered soils, typical of many tropical and subtropical urban environments,
are particularly vulnerable when combined with increased surface runoff and reduced infiltration capacity
(Mahamba et al., 2023; Chen et al., 2024; IPT, 2012). Several studies indicate that erosion accelerates once
channels intersect the groundwater table, intensifying headward retreat and lateral expansion (Frankl et al.,
2020; Mawe et al., 2024).

Urban linear erosion produces substantial environmental, social, and economic impacts, including
sediment delivery to downstream channels, reservoir siltation, infrastructure damage, housing loss, land
devaluation, and population displacement (Kuhn et al., 2024; Mawe et al., 2025). These effects are most acute
in urban peripheries, where informal or poorly serviced settlements frequently coincide with steep slopes and
inadequate drainage infrastructure, a pattern long documented in Brazilian cities (Almeida Filho et al., 2001).

Overall, urban linear erosion reflects a structural mismatch between land-use practices and the physical
capacity of the landscape. Contemporary studies converge in showing that effective mitigation relies less on
isolated corrective works and more on integrated strategies combining land-use regulation, stormwater
management, vegetation cover maintenance, and planning informed by geomorphological and hydrological
constraints (Frankl et al., 2020; Mawe et al., 2025).

2  MATERIALS AND METHODS

Sao Paulo State was chosen as the study area, with a focus on urban regions defined by census-based
urban-rural classifications (IBGE, 2010). The erosion features analyzed in this study were obtained from the
official inventory produced by the Technological Research Institute (IPT). According to the methodological
report (IPT, 2012), the identification of urban erosion processes was carried out through visual interpretation
of high-resolution satellite images available in Google Earth (SPOT-5 and GeoEye-1), complemented by the
analysis of 1:50,000 IBGE topographic maps. The erosion features identified through image interpretation
were subsequently evaluated and systematized in standardized inventory forms, followed by field surveys,
contributing to the improvement of database quality. Therefore, the present study did not perform the
delimitation or validation of erosion features inventoried in 2010, relying instead on this previously established
and validated official dataset. The location of Sdo Paulo state, the identification of urban census sectors and
the 1,398 analyzed urban erosion features (949 gullies; 449 ravines) are shown in Figure 1.

It is important to emphasize that the classification of linear erosion features adopted in this study
follows the conceptual framework used by the IPT, which is consistent with a widely applied
geomorphological tradition in Brazilian erosion studies. According to this approach, linear erosion developed
from rills - shallow and narrow incisions formed by concentrated surface runoff — to ravines. Ravines are
elongated erosive features, generally longer than wide, with variable depths, limited lateral branching, and
without interception of the groundwater table. Their lateral expansion results from surface runoff within the
channel, promoting undercutting at the base of the slopes and subsequent mass movements. Minimum depths
reported in the literature for ravines range from approximately 30 cm (Tricart, 1977) to 50 cm (Imeson &
Kwaad, 1980). When surface runoff processes evolve to intercept the groundwater table, a combination of
surface and subsurface erosion mechanisms leads to the development of gullies (locally referred to as
vogorocas), which are larger and more complex erosive forms associated with processes such as piping, sand
liquefaction, and slope failures (Oliveira, 1994; Salomao, 1994).
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Figure 1 — Location map identifying urban census sectors and urban erosion spots.
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This study therefore adopts the erosion typologies as defined in the IPT inventory, acknowledging that
alternative classifications may exist in the international literature. The investigation aimed not only to
understand this phenomenon but also to identify the data required to guide the analysis and methodological
choices. Accordingly, two main steps were established: (i) data extraction and processing and (ii) data mining.

2.1 Data extraction and processing step

This stage consisted of extracting data of interest from several sources and processing them in the
Geographic Information System (GIS) environment of ArcGIS Pro 2.8.3 software (Esri, 2021). A database of
ravine and gully linear erosion types mapped by IPT (2012) was elaborated by associating features related to
the four categories presented in the introduction section: substrate-related factors (source: IPT, 2012), land use
(sources: IPT, 2012; MapBiomas Project, 2010), rainfall erosivity (source: Ricardi & Lima, 2022) and
geomorphometric features (source: CATI, 2016).

Each mapped erosion feature was treated as an individual analytical unit and used as the reference
element for database construction. Attributes related to substrate characteristics and part of the land use
information were already available in the original IPT (2012) erosion inventory and, therefore, did not require
spatial overlay procedures, being subjected only to a preprocessing stage for the organization and
standardization of categorical variables, as detailed in the subsequent sections. The remaining datasets—Iland
use information derived from the MapBiomas Project, rainfall erosivity, and geomorphometric features
obtained from the Digital Elevation Model (DEM)—were spatially intersected with the linear features
representing gullies and ravines. As a result, a structured geodatabase was developed in which each erosion
feature (row) was associated with a set of attributes (columns) corresponding to the dependent variables of the
four analytical categories considered in this study. This procedure enabled the integration of heterogeneous
data sources into a single, consistent database for subsequent data mining analyses.

2.1.1 SUBSTRATE-RELATED FACTORS

Data related to substrate characteristics were already available in feature ‘assessed database source
standard’. They were the only ones not requiring reclassification or processing because they were organized
into well-structured categories.
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Substrate-related features were observed in features mapped by IPT, namely: geomorphology, geology
and pedology. Possible occurrences in each feature are shown in Chart 1.

Chart 1 — Substrate-related features and occurrences linked to erosion processes.
Attributes Occurrence

Geomorphology!
(based on Ross &
Moroz, 1997)

Lower Ribeira Depression; Middle Paraiba Depression; Paulista Peripheral Depression; Atlantic Plateau;
Sao Paulo Plateau; Western Paulista Plateau; Coastal and Fluvial Plains.

Coastal Complex — Migmatites; Embu Complex — Migmatites; Pinhal Complex — Migmatites; Silvianopolis
Complex — Embrechitic gneiss; Silvianopolis Complex — Granulites; Alluvial deposits; Colluvial deposits;
Summit deposits; Cagapava Formation; Rio Claro Formation; Sao Paulo Formation; Tremembé Formation;

Geology? . . . . . .

(b:e(zlg(})]n Acungui Group — Mica schists; Amparo Group — Paragneiss; Bauru Group — Adamantina Formation; Bauru
DAEE/UNESP Group — Caiud Formation; Bauru Group — Marilia Formation; Bauru Group — Santo Anastacio Formation;
1982) ’ Parana Group — Furnas Formation; Passa Dois Group — Corumbatai Formation; Sao Bento Group — Botucatu

Formation; Sdo Bento Group — Piramboia Formation; Sdo Bento Group — Serra Geral Formation; S0 Roque
Group — Phyllites; Sao Roque Group — Schists; Tubardo Group — Aquidauana Formation; Tubardo Group —
Tatui Formation; Tubardo Group — Itararé Subgroup; Basic suites; Granitoid suites.

Area urbana — solo nio classificado (Urban soils / Technosols); Argissolos Vermelho-Amarelos (Acrisols);
Pedology? Argissolos Vermelhos (Acrisols); Cambissolos Haplicos (Cambisols); Gleissolos Melanicos (Gleysols);
(based on Oliveira | Latossolos Amarelos (Ferralsols); Latossolos Vermelho-Amarelos (Ferralsols); Latossolos Vermelhos

et. al., 1999) (Ferralsols); Neossolos Litolicos (Leptosols); Neossolos Quartzarénicos (Arenosols); Nitossolos Vermelhos
(Nitisols).

! Geomorphological units were referenced according to the official Brazilian geomorphological map, with translation limited to generic
geomorphological terms while preserving original toponyms.

2 Geological units follow the official nomenclature of the Sdo Paulo State geological mapping. Formal lithostratigraphic names were
preserved, while lithological terms were translated into English.

3 Soil classes according to the Brazilian Soil Classification System (SiBCS). For international reference, the corresponding classes
according to the World Reference Base for Soil Resources (FAO, 2022) are also indicated. The conversion to WRB was performed at
the Reference Soil Group level, which does not explicitly account for color attributes used in the SiBCS.

Source: Authors (2026).

2.1.2 LAND USE

Land use data, although already belonged to the original source’s features, refer to textual information
and were not set into categories, which is a requirement for the CART decision tree algorithm. Therefore, it
was necessary to organize the collected information into established categories to make the data mining
technique application feasible.

These data’s reorganization focused on originally-divergent textual data due to their plural and singular
use, to terms’ reversed ordering, to detailed featuring in some cases — but generalized in others (for example:
surface runoff and rainwater runoff from the urban area discharged at the river head), among others. This
process led to reduction ranging from 82 to 10 possible occurrences set for upstream use, from 89 to 8 for
downstream use data, and from 134 to 5 for triggering action data. The land use attributes, divided into
“upstream use”, “downstream use” — both in comparison to the mapped erosion features — and “triggering
action”, as the established categories are shown in Chart 2.

Considering data descriptive nature, requiring categorization due to its large number of classes, option
was made for incorporating into the analyses the land cover data extracted from the MapBiomas Project for
the year 2010 (the year of data collection). This incorporation was justified by the greater standardization of
classes and by enabling a possible comparison in future applications of this same methodology, as the case
may be. This incorporation, included in Chart 2, also allowed the attenuation of any generalizations resulting
from the categorization step.

Chart 2 — Land use features and occurrences linked to erosion processes.
Attributes Occurrence

Urban; Urban in consolidation; Urban and Rail/Highway (or Rail/Highway only); Urban in
Upstream use consolidation and Railway/Highway; Urban and Rural; Urban in consolidation and Rural; Rural;
Rural and Railway/Highway (or Railway/Highway only); Drainage; Vegetation

Urban; Urban in consolidation; Urban and Rural; Urban in consolidation and Rural; Rural; Rural

Downstream use . . .
and Vegetation; Drainage; Vegetation
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Attributes Occurrence

Fluvial Erosion; Surface runoff; Stormwater disposal (pipe); Surface runoff and stormwater

Tri i ti . . . .
riggering actions disposal; Railroad/Highway stormwater Runoff/Disposal

Land cover

(Mapbiomas Project, 2010) Farming; Urbanized Area; Forest; Non-Forest Natural Formation; Agriculture and Pasture Mosaic

Source: Authors (2026).

For the upstream and downstream use attributes, occurrences categorized as Rural include agricultural
use, pasture (with and without terraces) and exposed soil. Urban features include residential, commercial and
industrial uses. It is also important to mention that, although the attribute “triggering action” does not
specifically regard soil use, it was added to the analysis due to its association with anthropic activities that
influence the environmental soil dynamics.

2.1.3 RAINFALL EROSIVITY

Data on rainfall erosivity were obtained from the study conducted by Ricardi and Lima (2022), who
updated rainfall erosivity estimates set for Sdo Paulo State based on yearly and monthly averages between
1997 and 2017. These data resulted from the spatial extrapolation of measurements taken from the state’s rain
gauge stations during the aforementioned time interval — these datasets were made available by the Water and
Electric Power Department (DAEE, 2019).

In order to add these data to the herein proposed analyses, the vectorization of the cartographic product
about rainfall erosivity was carried out in GIS environment, in the form of polygons (see Figure 2), followed
by the intersection with the erosion records - resulted in values ranging from 6,050 to 8,627 Mj.mm/ha.h.yr.
In total, 10 of the 1,398 points were located in regions presenting erosivity of 6,050 Mj.mm/ha.h.yr, 718 were
in regions with erosivity 6,438 Mj.mm/ha.h.yr, 520 were in places with erosivity 7,051 Mj.mm/ha.h.yr, 80
were in location with erosivity 8,277 Mj.mm/ha.h.yr, and 70 were in regions with erosivity 8,627
Mj.mm/ha.h.yr.

Figure 2 — Sdo Paulo State Rainfall Erosivity Map for the 1997-2017.
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2.1.4 GEOMORPHOMETRIC VARIABLES

In the relief study the following features were analyzed: elevation, slope, aspect, profile and plan
curvature. The Digital Elevation Model (DEM) prepared by the Brazilian Farming Information Center (CATI,
2016) was used for data extraction purposes. It was elaborated based on products from NASA’s Shuttle Radar
Topography Mission (SRTM), with 30m spatial resolution; corrected with data from NASA and METI’s
ASTER GDEM V2 sensor, also with 30m spatial resolution, and geoid ripple for Sdo Paulo State.
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First of all, based on the aforementioned base, a hypsometric map was elaborated, as well as maps of
slope (using the Slope GIS tool), aspect (using the Aspect GIS tool), profile and plan curvature (using the
Curvature GIS tool). It was decided not to categorize these data, given their continuous numerical features.
Altitudes were recorded in meters, slope in percentage, aspect in degrees (azimuth angle corresponding to the
greatest slope of the terrain), profile curvature in negative values for convex, in positive values for concave
and in null values for linear; and plan curvature in positive values for divergent, in negative values for
convergent and in null values for linear.

Data forming geomorphometric characterization - DEM-based geoprocessing - led to 5 intermediate
maps (Figure 3). As from erosive processes records, its locations were crossed with the produced
geomorphometric layers — through the Intersect GIS tool. Subsequently, elevation, slope, aspect, profile
curvature and plan curvature values recorded for each point were extracted.

Figure 3 — Maps of geomorphometric variables.
A) Elevation; B) Slope; C) Aspect; D) Profile Curvature; and E) Plan Curvature.
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Source: Authors (2026).

Altitudes ranged from 0 to 2,420 meters, being the mean altitude 557.36 meters and the most frequent
one 487.50 meters. Mean slope was close to 11%, presenting the highest occurrence at the range from 4% to
6% - slopes above 20% remained lower than 10% of all cases. Aspect, which ranged from 0° to 360°, recorded
quite varying occurrences, with prevalence in Northeastern (45°), Southeastern (135°), Southwestern (225°)
and Northwestern (314°). With respect to the profile curvature, 43.27% of collected data referred to positive
values, assigned to concave profile; 49.49% to negative values, assigned to convex profile; and 7.24% to null
values, which corresponds to curvature-free regions. Finally, regarding plan curvature, it was possible
observing 39.32% positive values, which designate convergent planes; 48.49% negative values, designating
divergent planes; and 12.19% null values that underline linear planes.
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2.2 Data mining step

The application of data mining methods in studies focused on linear erosion processing have shown
overall upward trends, mainly from 2018 onwards (according to search in Scopus database carried out by the
present authors in December 2022). Random Forest, Decision Tree and Artificial Neural Networks were the
most often applied methods. In this work, the Decision Tree (DT) was chosen because it is a simplified model
capable of representing associations between a given dataset (independent variables) and a dependent variable
(Medeiros et al., 2014; Quinlan, 1983). IBM SPSS Statistics 20 software (2011) was used for method
application purposes.

This technique runs a decision-making procedure (bipartition of occurrences) based on algorithms that
classify data according to their homogeneity towards the investigated variable. CART is one of the most often
applied algorithms (Breiman et al., 1984), which was also used in the current research. It adopts the Gini Index
(G]) to achieve data binary partition — it can range from O to 1: the closer to 0, the purer the node, consequently,
the more homogenous. Among other words, observations branch from independent variables’ attributes -
taking into consideration the highest occurrence of a single category of the dependent variable (Breiman et al.,
1984).

The decision-making procedure is repeated across multiple levels of the tree. Therefore, several
hyperparameter configurations were systematically tested in order to control tree complexity, optimize
predictive performance, and address class imbalance between erosion types. Model tuning focused on the main
stopping rules of the CART algorithm: maximum tree depth, minimum number of cases in parent and child
nodes, and minimum improvement in node impurity based on the Gini Index.

All experiments were conducted using a 10-fold cross-validation procedure, with the maximum tree
depth fixed at 10. The tuning strategy was organized into three stages. In the first stage, models without
misclassification costs were tested using two alternative minimum node size configurations (49/7 and 70/14
cases in parent and child nodes, respectively), aiming to assess the trade-off between model complexity and
classification balance. In the second stage, an asymmetric cost matrix was introduced to mitigate class
imbalance, and the same node size configurations were compared. In the third stage, the impact of tree pruning
was evaluated by varying the minimum Gini improvement threshold (0.001, 0.002, and 0.003) under the
selected cost structure.

Preliminary tests also explored the use of class weights; however, these configurations resulted in
reduced predictive performance and were therefore not retained. Instead, an asymmetric misclassification cost
matrix was adopted, in which no cost was assigned to correct classifications, while higher penalties were
imposed on misclassification errors. Misclassifying a gully as a ravine was assigned a cost of 1.0, whereas
misclassifying a ravine as a gully was assigned a higher cost of 1.5. This configuration reflects the greater
analytical and practical relevance of correctly identifying gullies, which generally represent more advanced
and severe erosion processes.

Model performance was primarily evaluated using cross-validation risk and overall accuracy, with
particular emphasis on class-specific accuracies in order to assess balance between ravines and gullies. The
final model was selected based on a combination of (i) predictive performance, (ii) balance between classes,
and (iii) model parsimony, favoring configurations that reduced overfitting while maintaining interpretability.

In accordance with the implementation available in IBM SPSS Statistics, the average overall accuracy
across the folds was used as the primary metric for cross-validation-based model comparison. The Area Under
the Receiver Operating Characteristic Curve (AUC-ROC) was computed directly within the software
environment. Subsequently, based on the confusion matrix obtained for the selected model, additional
performance metrics—including precision, sensitivity (recall), and F1-score—were calculated to provide a
more detailed evaluation of classification performance, particularly with respect to class-specific behavior
(Powers, 2011). (Powers, 2011).

The attributes used in this investigation, as well as their likely occurrences, were described in item 2.1.
The linear erosion type (with two associated categories: ravine and gully) was adopted as dependent variable,
and the other variables were the independent variables, as described in Chart 3 (which also indicates the
variable’s typology).
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Chart 3 — Features of the investigated variables.

Type Nature Variable Typology
Dependent Linear erosion RaV1.n ° Textual
Gullies Textual
Geomorphology Textual
Substrate-related Geology Textual
Pedology Textual
Upstream use Textual
Downstream use Textual
Land use - - :
Triggering action Textual
Independent Land cover (MapBiomas) | Textual
Erosivity Rainfall erosivity Numeric
Elevation Numeric
Slope Numeric
Geomorphometric | Aspect Numeric
Profile curvature Numeric
Plan curvature Numeric

Source: Authors (2026).

3 RESULTS AND DISCUSSION

According to IPT data, 41,262 ravine and gully linear erosion processes spots were identified and
characterized in Sdo Paulo State, of which 1,398 were observed in urban areas. If one has in mind that 96,7%
of the total population in the state lives in these areas (IBGE, 2022), then, one can see the relevance of learning
more about the association between triggered erosion processes in urban areas.

Therefore, the herein suggested data mining methodology aimed to establish these associations by
investigating the most important agents for erosion occurrences. The data extraction and processing stage was
crucial for structuring the dataset to ensure compatibility with the software and for integrating attributes already
recognized in the literature as influential. The data mining step could start once values are extracted from the
target features of each of the 1,398 erosion process features.

3.1 Data Mining Step

To evaluate the sensitivity of the CART classifier to hyperparameter choices and to address class
imbalance between ravines and gullies, a set of six models was trained and assessed using 10-fold cross-
validation. The tested configurations varied the minimum number of cases in parent and child nodes, the
minimum improvement in Gini impurity required for splitting, and the use of asymmetric misclassification
costs. Table 1 summarizes the structural characteristics of each tree and their respective predictive
performances, including class-specific accuracies, overall accuracy, and resubstitution and cross-validation
risks.

Table 1 — Summary of CART hyperparameter tests results.

In the first stage (Models 1 and 2), only the minimum number of cases in parent and child nodes was

varied, while no misclassification costs were applied. Both models achieved relatively high overall accuracies
9

Misclassification Minimum Number of Accuracy (%) Risk

= Costs samples .

g . M.l n- . Tree Resu .

= Rav. Gully P;;(l;gl;t ;l:(ig Gini Nodes TeNr::lg;al Depth Rav. Gully | Overall btsi:)iltlu Cv D:lf:):e
1 0.00 0.00 49 7 0.001 49 25 9 51.2 88.7 76.7 0.233 | 0.336 | 0.103
2 0.00 0.00 70 14 0.001 31 16 8 57.5 82.6 74.5 0.255 | 0.300 | 0.045
3 1.00 1.50 49 7 0.001 49 25 9 74.2 76.0 75.4 0.288 | 0.418 0.130
4 1.00 1.50 70 14 0.001 31 16 8 75.1 72.4 73.2 0.308 | 0.407 0.099
5 1.00 1.50 70 14 0.002 29 15 7 79.5 69.0 72.4 0.309 | 0413 0.104
6 1.00 1.50 70 14 0.003 19 10 5 80.8 65.0 70.1 0.330 | 0.399 | 0.069

Source: Authors (2026).
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(76.7% and 74.5%, respectively), but exhibited strong class imbalance, with substantially higher accuracy for
gullies than for ravines. Model 1, with smaller minimum node sizes (49—7), produced a deeper and more
complex tree (depth = 9), whereas Model 2 (70-14) resulted in a simpler structure (depth = 8) with slightly
lower overall accuracy but reduced risk difference, suggesting improved generalization.

In the second stage (Models 3 and 4), an asymmetric misclassification cost matrix was introduced to
mitigate class imbalance. The inclusion of costs markedly improved the balance between ravine and gully
accuracies. Compared to their cost-free counterparts, both models exhibited a substantial increase in ravine
accuracy, indicating that the cost structure effectively penalized misclassification of ravines. Model 4 (70-14)
achieved a more compact tree while maintaining comparable class-specific accuracies, demonstrating that the
cost matrix improved class balance without excessively increasing model complexity.

In the third stage (Models 4, 5, and 6), the minimum Gini improvement required for splitting was
increased from 0.001 to 0.002 and 0.003 while maintaining the same node size and cost configuration. As the
Gini threshold increased, tree complexity was progressively reduced, with a decrease in both depth and number
of terminal nodes. However, this simplification came at the expense of predictive balance: although ravine
accuracy continued to increase, gully accuracy declined substantially, leading to lower overall accuracy and
reduced class equilibrium in Models 5 and 6. These results indicate that overly restrictive splitting criteria can
oversimplify the model and degrade classification performance.

Based on the joint evaluation of predictive performance, class balance, and model complexity, Model
4 was selected as the basis for the final classifier. Although it did not achieve the highest overall accuracy
among all tested configurations, it provided the best trade-off between ravine and gully accuracies, avoiding
the strong class bias observed in cost-free models and the performance degradation associated with more
restrictive Gini thresholds. To further enhance generalization and interpretability, this model was subsequently
pruned to a maximum tree depth of five levels.

This pruning strategy substantially reduced structural complexity while preserving virtually the same
predictive performance, resulting in a more parsimonious and robust representation of erosion processes. The
final pruned model maintains a balanced classification behavior between erosion types and exhibits a moderate
difference between resubstitution and cross-validation risks, indicating good generalization capacity and
limited susceptibility to overfitting. This configuration therefore represents a robust and interpretable solution
for mapping urban linear erosion processes.

Table 2 summarizes the metrics derived from the confusion matrix of the selected pruned model, as
well as AUC values and confidence interval (CI) from ROC analysis based on predicted probabilities for each
erosion class under 10-fold cross-validation. The final pruned CART model achieved an overall accuracy of
72.7%, with class-specific performance metrics indicate a balanced predictive behavior between erosion types.
For ravines, the model obtained a recall of 71.3%, demonstrating good sensitivity in identifying this class,
although with moderate precision (55.9%), reflecting residual confusion with gullies. For gullies, precision
reached 84.4%, while recall was 73.4%, indicating a high reliability of positive predictions and a satisfactory
detection rate.

Table 2 — Performance metrics of the final CART model.

Metric Ravine | Gully
Accuracy 0.727
Precision 0.559 0.844

Recall 0.713 0.734
Fl1-score 0.626 0.785

AUC (ROC) 0.780
95% CI (AUC) 0.755-0.805

Resubstitution Risk 0.319

Cross-Validation Risk 0.397

Source: Authors (2026).

The resulting F1-scores (0.626 for ravines and 0.785 for gullies) confirm that the adopted cost-sensitive
configuration effectively mitigated the strong class bias observed in preliminary models without
misclassification costs. Importantly, the relatively small gap between resubstitution and cross-validation risks
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(0.078) further suggests improved generalization and reduced overfitting due to pruning.

ROC analysis further supports the robustness and generalization capacity of the final pruned CART
model. The ROC curve yielded an AUC of 0.780, with a 95% confidence interval ranging from 0.755 to 0.805
(p < 0.001), indicating good discriminatory ability between erosion types. This result confirms that the
classifier performs substantially better than random assignment and maintains consistent predictive power
across different probability thresholds. The shape of the ROC curve (see Figure 4) reveals a stable trade-off
between sensitivity and specificity over a broad range of cutoff values, suggesting that the model’s
performance is not overly dependent on a single decision threshold. This behavior is particularly relevant in
urban erosion studies, where management priorities may favor either higher sensitivity (to avoid missing severe
gully features) or higher specificity (to reduce false alarms), depending on planning and mitigation objectives.
Therefore, the ROC analysis reinforces the suitability of the selected model for operational and decision-
support contexts, complementing class-specific metrics and supporting the interpretation that the adopted
pruning strategy effectively balances predictive performance and model generalization.

Figure 4 — ROC curve.
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Figure 5 depicts the final CART decision tree obtained after hyperparameter optimization and the
incorporation of asymmetric misclassification costs. The tree structure represents the hierarchical decision
process based on the explanatory variables, with each node corresponding to a subset of erosion features that
is increasingly homogeneous with respect to erosion type. Node purity is measured by the Gini Index, and each
split is associated with an improvement value indicating the reduction in impurity. Colored nodes highlight the
thematic group of each explanatory variable, distinguishing substrate-related variables, land-use factors, and
terrain characteristics.

The model resulted in a tree with moderate depth (5) and 23 nodes - being 12 of them terminal nodes
- ensuring both interpretability and generalization. The classification outcomes associated with each node are
detailed in Table 3, which reports the relative frequencies of ravines and gullies within each partition. The
algorithm calculates the improvement value (Gini Index) of each branching, which ranged from 0.003 to 0.061.
These values measure how much the homogeneity related to the dependent variable in the child node was
enhanced in comparison to the parent nodes.

The simultaneous analysis of both — Figure 5 and Table 3 - enables identifying: (i) by which values of
the explanatory variables (independent) the resulting nodes are characterized, at different levels; and (ii) which
nodes presented the highest frequency percentages recorded for erosion types (ravine and gully). Thus, it is
possible to establish the factors influencing the prevailing occurrence of a given erosion type in comparison to
the others.
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Figure 5 — Decision Tree Schema (CART Algorithm).
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Table 3 — List of Decision Tree nodes and divisions.
Parent Gull Ravine Explanator
Node | Node N ):% N % VI; riable y Resulting Cluster

0 (root) | 449 | 32.1 | 949 | 67.9 | Type of Erosion

1 0 324 | 484 | 345 | 51.6 | Triggering action | Surface runoff; Railroad/Highway stormwater Runoff/Disposal

2 0 125 | 17.1 | 604 | 82.9 | Triggering action | Fluvial Erosion; Stormwater disposal (pipe); Surface runoff and
stormwater disposal

3 1 263 | 439 | 336 | 56.1 | Geology Silvianopolis Complex — Embrechitic gneiss; Silvianopolis
Complex — Granulites; Alluvial deposits; Colluvial deposits;
Summit deposits; Cagapava Formation; Rio Claro Formation;
Amparo Group — Paragneiss; Bauru Group — Adamantina
Formation; Bauru Group — Marilia Formation; Bauru Group — Santo
Anastéacio Formation; Parana Group — Furnas Formation; Sao Bento
Group — Botucatu Formation; Sdo Bento Group — Piramboia
Formation; Sdo Bento Group — Serra Geral Formation; Sdo Roque
Group — Phyllites; Tubardo Group — Aquidauana Formation;
Tubardo Group — Tatui Formation; Tubardo Group — Itararé
Subgroup; Basic suites.

4 1 61 | 87.1 9 12.9 | Geology Coastal Complex — Migmatites; Embu Complex- Migmatites;
Pinhal Complex- Migmatites; Sdo Paulo Formation; Trememb¢é
Formation; A¢ungui Group - Mica schists; Bauru Group — Caiua
Formation; Passa Dois Group — Corumbatai Formation; S0 Roque
Group — Schists; Granitoid Suites.

5 2 56 | 29.9 | 131 | 70.1 | Elevation <453.0

6 2 69 | 12.7 | 473 | 87.3 | Elevation >453.0

7 3 156 | 38.8 | 246 | 61.2 | Plan Curvature <0.0036

8 3 107 | 543 | 90 | 45.7 | Plan Curvature >0.0036

9 5 22 | 202 | 87 | 79.8 | Elevation <416.5

10 5 34 | 43.6 | 44 | 56.4 | Elevation >416.5

11 6 7 4.4 152 | 95.6 | Downstream Use | Urban in consolidation; Urban and Rural; Urban in consolidation
and Rural; Rural and Vegetation

12 6 62 16.2 | 321 | 83.8 | Downstream Use | Urban; Rural; Drainage; Vegetation

13 7 139 | 43.7 | 179 | 56.3 | Elevation <660.0
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Parent Gull Ravine Explanator
Node | node N 3;/0 N % vl;riable y Resulting Cluster

14 7 17 | 202 | 67 | 79.8 | Elevation > 660.0

15 9 9 474 | 10 | 52.6 | Land Cover Farming

16 9 13 144 | 77 | 85.6 | Land Cover Urbanized Area; Forest; Non-Forest Natural Formation; Agriculture
and Pasture Mosaic

17 10 1 7.1 13 | 92.9 | Slope <2.76039

18 10 33 | 51.6 | 31 | 48.4 | Slope >2.76039

19 13 43 | 350 | 80 | 65.0 | Aspect <128.347438

20 13 96 | 492 | 99 | 50.8 | Aspect > 128.347438

21 14 14 | 519 | 13 | 48.1 | Geology Tubardo Group — Itararé Subgroup; Silvianopolis Complex —
Granulites; Sdo Bento Group — Pirambdia Formation; Alluvial
deposits; Silvianopolis Complex — Embrechitic gneiss.

22 14 3 53 54 | 94.7 | Geology Colluvial deposits; Summit deposits; Cagapava Formation; Rio
Claro Formation; Amparo Group — Paragneiss; Bauru Group —
Adamantina Formation; Bauru Group — Marilia Formation; Bauru
Group — Santo Anastacio Formation; Parané Group — Furnas
Formation; Sdo Bento Group — Botucatu Formation; Sao Bento
Group — Serra Geral Formation; Sdo Roque Group — Phyllites;
Tubardo Group — Aquidauana Formation; Tubardo Group — Tatui
Formation; Basic suites.

Source: Authors (2022).

At the root level (Node 0), the algorithm selected “Triggering Action” as the most informative variable,
yielding the highest normalized importance (100%). This first bifurcation separates the dataset into two nearly
balanced branches (47.9% and 52.1% of the observations), while already producing distinct class
compositions: Node 1 presents a near equilibrium between ravines (48.4%) and gullies (51.6%), whereas Node
2 is strongly dominated by gullies (82.9%). This result confirms the central role of runoff concentration,
stormwater disposal, and fluvial processes in controlling the spatial differentiation between ravines and gullies
in urban environments..

Although this first level presents the highest Gini Index value (0.061), the variable responsible for data
partitioning, “Triggering Action”, was identified by the algorithm as the most important variable for the
classification, as pointed out in Table 4, which relates the independent variable according to its relevance for
the classification process. This finding aligns with studies by Guo et al. (2019), which emphasize the
importance of stormwater disposal in accelerating erosion processes in urbanized settings. However, unlike
rural contexts, where agricultural practices dominate as erosion triggers, urban areas present unique challenges,
such as concentrated runoff, inadequate stormwater infrastructure, and impervious surfaces. This highlights
the necessity of urban-specific approaches to manage these processes effectively.

Table 4 — Importance relation of independent variables selected by the CART algorithm.

Independent Variable Importance Normalized Importance (%)
1 | Triggering action 0.062 100.0
2 | Geology 0.049 78.9
3 | Elevation 0.036 57.2
4 | Geomorphology 0.034 53.7
5 | Land cover 0.024 38.8
6 | Slope 0.023 37.6
7 | Downstream use 0.022 36.0
8 | Plan curvature 0.013 20.2
9 | Profile curvature 0.009 14.7
10 | Erosivity 0.008 13.3
11 | Aspect 0.007 10.5
12 | Pedology 0.006 9.7
13 | Upstream use 0.005 7.7

Note: Colors indicates variable type and are consistent with those used in Figure 5. Source: Authors (2026).

After “Triggering Action”, related to land use, variables “Geology” (related to substrate
characteristics) and “Elevation” (related to geomorphometric variables) were the ones better explained data
variability. These variables are accountable for data bipartition at the next level (2). Variable “Rainfall
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Erosivity” only appears in the 11th position.

By observing node 4, which is explained by variable “Geology”, it is possible to notice that the
geological formations cluster in this node holds 87.1% ravine occurrences, indicating less appropriate
formations to gullies’ development. The geological formations found in node 3 does not lead to a clear
conclusion about erosion types, however, as the analyses proceed to nodes 7 and 8, it is possible to infer that
plan curvatures >0.0036 (convergent) holds the highest ravine occurrences and <0.0036 (divergent or weakly
convergent forms) holds the highest gully occurrences.

The identification of geologic formations and soil types less prone to gully formation offers valuable
insights for land-use planning. These areas could serve as benchmarks for soil conservation practices, guiding
interventions in more vulnerable regions. Moreover, understanding these stable conditions can inform urban
development policies, ensuring that natural protective factors are preserved or even replicated in erosion-prone
areas.

Although “Elevation” ranks among the most important predictors, its discriminatory capacity is
limited. The elevation thresholds identified at multiple levels (453 m, 416.5 m, 660 m) generally lead to nodes
still dominated by gullies, indicating that altitude alone is insufficient to clearly differentiate erosion types.
This reinforces the interpretation that elevation primarily acts as a contextual variable rather than a direct driver
of erosion typology.

In contrast, when elevation is examined in combination with slope, a more nuanced pattern emerges.
For elevations above 416.5 m, areas characterized by slopes greater than 2.76% exhibit a slightly higher
concentration of ravine features (51.6%), as observed in node 18. Although this difference is not pronounced,
it suggests a modest tendency toward conditions less favorable to gully development under steeper topography
at higher altitudes. Conversely, for elevations below 416.5 m associated with gentler slopes (< 2.76%), gully
erosion becomes strongly dominant, accounting for 92.9% of the cases (node 17). This contrast indicates that,
while elevation alone has limited discriminatory power, its interaction with slope plays a meaningful role in
conditioning the susceptibility to the initiation and progression of gully processes.

Figure 5 summarizes the relative importance of variable classes by category (as an interpretative
strategy to support overall interpretation and synthesis of results). Land-use-related variables were
predominant in explaining erosion processes, highlighting human activities as the primary drivers of linear
erosion in urban areas. After that, the main explicative variable is substrate-related, followed by
geomorphometric variables and rainfall erosivity, as the less important factor.

Figure 5 — Importance of independent variables, according to their nature.
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Note: Colors indicates variable type and are consistent with those used in Figure 5. Source: Authors (2026).

In general, the findings underline the critical role of stormwater management in mitigating urban
erosion processes, as widely documented in the literature (Vanmaercke et al., 2021; Rahmati et al., 2022). This
pattern does not contradict the existing literature, but rather highlights a shift in the relative importance of
controlling factors in urban settings. While rainfall, soil properties, and topography remain essential
predisposing conditions for erosion development (Rahmati et al., 2022; Vanmaercke et al., 2021), the
modification of hydrological processes by urban land use can be decisive in determining where and how linear
erosion features evolve. Similar conclusions have been reported in studies showing that poorly planned
urbanization amplifies erosion susceptibility by concentrating runoff and reducing infiltration, even under
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comparable climatic conditions (Frankl et al., 2020; Zolezzi et al., 2018; Mawe et al., 2025).

This perspective is particularly relevant under climate-change scenarios, in which increases in rainfall
intensity are expected to exacerbate erosion hazards where urban drainage systems are inadequate (Kuhn et
al., 2024; Chen et al., 2024). These results provide actionable insights for decision-makers, highlighting the
need for sustainable practices that integrate urban hydrology with land-use planning

4 CONCLUSIONS

Overall, the procedures applied to process data and the GIS tools incorporated to complement the
target attributes investigation were effective in subsidizing the subsequent data mining technique. Based on
the recorded results, the used method, decision tree supported by the CART algorithm, was efficient in
identifying the variables better explaining the occurrence of each erosion type.

Substrate-related factors and terrain characteristics were shown to act as conditioning elements. The
areas least prone to gully development were better explained by substrate-related factors, especially when
combined with convergent plan curvature. Although elevation and slope alone showed limited discriminatory
capacity, their interaction contributed to differentiating erosion behavior in specific contexts, reinforcing the
importance of multivariate analysis.

The results indicate that anthropogenic factors dominate the differentiation between ravines and gullies
in urban areas of Sao Paulo State. Among all explanatory variables, triggering action - closely linked to surface
runoff (concentrated) and stormwater disposal (diffuse) - emerged as the most influential predictor,
highlighting the central role of urban hydrological alteration in erosion processes. Land-use-related variables
proved to be the most relevant for inciting the studied phenomenon since the combined explanatory importance
values accounted for the highest percentage, followed by substrate-related factors, geomorphometric attributes
and rainfall erosivity.

From a methodological perspective, the adoption of asymmetric misclassification costs proved
essential for mitigating class imbalance and improving the identification of ravines without compromising
gully detection. The subsequent pruning of the decision tree to a maximum depth of five levels resulted in a
parsimonious and robust model, with balanced class performance, moderate overall accuracy (72.7%), good
discriminatory ability (AUC = 0.78), and limited overfitting, as indicated by the small difference between
resubstitution and cross-validation risks.

These outcomes underscore that effective mitigation of urban linear erosion depends less on isolated
corrective measures and more on integrated strategies that combine land-use regulation, stormwater
management, and planning informed by geomorphological constraints. Equally important is the continuous
development and updating of erosion inventories such as the one used in this study, originally compiled in
2010. The maintenance of systematic, up-to-date databases would enable model validation against newly
observed erosion features, strengthening its predictive reliability under real-world conditions. Moreover,
advances in remote sensing, terrain modeling, and land-use mapping now allow the incorporation of higher-
resolution geomorphometric and surface data, which can substantially refine susceptibility assessments. The
proposed framework therefore offers a transferable and scalable methodological basis for erosion risk analysis
in urban areas, while highlighting the need for sustained data acquisition efforts to support more accurate,
dynamic, and resilient urban planning under ongoing urbanization and climate change scenarios.
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Sampling strategies for machine learning-based linear erosion studies:

a review approaching contributing area

Abstract: Linear erosion is a major socio-environmental challenge, influenced by
climatic, geomorphological and anthropogenic factors. This study explores how
sampling strategies and topographic contributing areas impact machine learning-
based applications in linear erosion research. A bibliometric analysis was conducted
to assess historical and emerging trends at the intersection of linear erosion and
machine learning. Additionally, a systematic extraction of key methodological insights
was performed using artificial intelligence tools, followed by an integrative literature
review focusing on sampling techniques and drainage influence areas. Results show
that spatially stratified sampling, particularly with a 1:1.2 occurrence-to-non-
occurrence ratio and non-occurrence points placed outside the hydrological
contributing area, improves model generalization and environmental
representativeness. However, its effectiveness depends on an adequate
understanding of local landscape dynamics. Advanced oversampling techniques
further mitigate class imbalance, while spatial cross-validation addresses spatial
autocorrelation and enhances robustness. The use of topographic contributing area
as a predictive variable shows significant potential due to its role in controlling runoff
concentration and sediment flow. Nevertheless, the lack of standardization in how
contributing areas are delineated and integrated into models limits broader
applicability. Current machine learning approaches often underexplore these spatial
components, reducing their physical consistency. This work consolidates
methodological advances in data preparation and emphasizes physically informed
models that integrate land use and hydrological processes, enabling more robust and
interpretable machine learning applications in erosion studies. Future research should
focus on refining sampling frameworks and integrating contributing area metrics to
enhance the robustness and interpretability of machine learning predictions in erosion
studies.

Keywords: drainage area, influence area, absence data, spatial sampling, gully,
ravine.

1. Introduction

Accelerated linear erosion is a cause for socio-environmental concern,
especially in susceptible areas due to factors such as climate and anthropogenic
interventions (Churu et al.,, 2024; Poesen et al., 2003). Linear erosion, often
manifested as gully erosion, itis a process of detachment and dragging of soil particles
caused by water action (Conciani, 2008). Challenges associated with gully erosion
include soil degradation, loss of arable land and increased sedimentation in water
bodies, contributing to broader ecological imbalances (Junior et al., 2010; Phionah
and Extension, 2024; Telles et al., 2011).
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Linear erosion extends its influence beyond the natural environment,
significantly impacting human societies and often exacerbates existing social
inequities. As the landscape transforms, communities may find their homes and
agricultural lands compromised, forcing them to relocate. Vulnerable populations may
lack the resources and resilience to cope with the impacts of erosion, intensifying
social disparities and highlighting the need for inclusive and equitable solutions (Saha
et al., 2021). In urban areas, where currently most population lives, linear erosion
jeopardizes critical infrastructure and exacerbates urban drainage issues, increasing
sedimentation in stormwater systems can that can lead to blockages, flooding and
compromised drainage efficiency, posing threats to public safety and the functionality
of urban infrastructures (Gudino-Elizondo et al., 2022; Junior et al., 2010; Polovina et
al., 2021).

Linear erosion is particularly relevant in urban areas. Urban expansion,
combined with vegetation removal and increased impervious surfaces, intensifies
surface runoff, leading to the formation of gullies and ravines. These erosion
processes compromise critical infrastructures such as roads and drainage systems,
exacerbating urban challenges and posing risks to public safety (Polovina et al., 2021).
Then, the choice to focus on linear erosion is motivated by the fact that the majority of
the population lives in urbanized areas (Moreno-Monroy et al., 2020), requiring a
deeper understanding of linear erosion forms and their economic, social and

environmental impacts (Kuhn et al., 2023).

Within the context of linear erosion, it is essential to distinguish between its
different stages. However, this can be challenging, as the classification of linear
erosion features varies globally (Vanmaercke et al., 2016). Dube et al. (2020) and
Kuhn et al. (Kuhn et al., 2023) conducted comprehensive worldwide studies on linear
erosion morphologies and characterized three primary stages of them: rills, gullies,

and ravines.

According to them, rills are the initial stage of concentrated flow erosion,
forming shallow channels with incision depths of less than 0.25 meters. They develop
on slopes due to surface water flow, detaching and transporting soil particles, and can
be easily obliterated by tillage or natural sediment deposition. Gullies represent a more

advanced stage of erosion, with depths greater than 0.25 meters. They are often U-
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shaped in Brazilian classifications and arise when concentrated runoff intensifies,

leading to significant soil loss and the expansion of multiple branching channels.

Ravines, in contrast, are deeper and larger than gullies, frequently exhibiting a
V-shaped cross-section and reaching depths greater than 0.50 meters. They often
connect to aquifers, promoting lateral erosion and exacerbating landscape
degradation. Due to their size and permanence, ravines represent a mature stage of
linear erosion, significantly altering landforms and ecosystems. In specific global
contexts, particularly in arid and semi-arid regions, ravines play a crucial role in the
landscape dynamics. In these areas, where vegetation cover is sparse and rainfall is
erratic but intense, ravines form as a result of the severe degradation of soil caused

by concentrated runoff (Arabameri et al., 2020).

These processes influenced by several key factors, including precipitation,
topography, soil properties and land use (Guerra, 2012). Precipitation intensity and
frequency play a critical role in shaping erosion patterns, as heavy rainfall events can
accelerate surface runoff, leading to the formation of rills and gullies. Topography,
including slope steepness and length, directly affects the velocity and concentration of
water flow, which in turn determines the erosive power of runoff. Soil properties, such
as texture, structure, and organic matter content, influence soil's susceptibility to
erosion, with loose or poorly structured soils being more prone to detachment and
transport. Land use practices, such as agriculture, deforestation, and urbanization,
can further exacerbate erosion by reducing vegetation cover and altering natural
drainage patterns. Together, these factors interact in complex ways, creating dynamic
and varied erosional landscapes (Chalise et al., 2019; Falcdo et al., 2020; Guerra,
2012).

Then, understanding and monitoring these type of erosion is imperative for
sustainable land management and environmental preservation. Studying linear
erosion is crucial for unravelling its complex dynamics and formulating effective
strategies for prevention and control. A comprehensive understanding is essential for
informed decision-making and sustainable resource management (Frankl et al., 2021;
Telles et al., 2011).

In this sense, the integration of artificial intelligence (Al) have revolutionized the
field of gully erosion studies. Recent advancements leverage this concept, mainly

through machine learning (ML) applications, to analyse vast datasets, model erosion
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processes and predict potential gully formation. ML applications offer a nuanced
understanding of the intricate relationships between environmental variables,
enhancing the accuracy of erosion risk assessments (Amiri et al., 2019; Pourghasemi
et al., 2017).

ML techniques offer significant advantages over traditional erosion models,
particularly in handling large-scale data and complex nonlinear relationships.
Traditional models often rely on predefined equations and assumptions, which can be
limiting when dealing with the intricate and variable nature of erosion processes. In
contrast, ML algorithms can analyze high-dimensional data and capture subtle
patterns without explicit programming. For instance, a study applied neural networks
models to identify soil erosion intensity in ecological restoration areas, demonstrating
that these models could effectively map nonlinear relationships between erosion
factors, leading to more accurate assessments compared to traditional methods (C.
Liu et al., 2023).

Furthermore, in coastal engineering for example, ML models have been
reported to analyze nonlinear relationships and high-dimensional variables much more
rapidly than physics-based models, exhibiting computational efficiency ranging from
22.5 times faster to 4,000 times faster. This acceleration is pivotal for practitioners who
require timely insights for effective erosion management (Abouhalima et al., 2024).

By leveraging the capabilities of ML, researchers and practitioners can achieve
more precise and efficient erosion assessments, overcoming the limitations of
traditional models and enhancing the effectiveness of erosion control strategies. When
comparing ML models to the Revised Universal Soil Loss Equation (RUSLE), machine
learning models generally provide more accurate and comprehensive results (Lin and
Zhao, 2022). Random Forest (RF) and Support Vector Machines (SVM), for example,
have overcame traditional bivariate statistical models, achieving predictive accuracy
values that exceed 0.9, which indicates their ability to reliably predict gully erosion
(Garosi et al., 2019; Pourghasemi et al., 2020; Rahmati et al., 2017).

These machine learning models are more flexible than traditional models such
as empirical or statistical regression-based approaches, or physically-based models
like the Universal Soil Loss Equation (USLE), which, while useful, lack the predictive
power and ability to capture complex interactions between multiple environmental

factors. This flexibility and higher accuracy make machine learning models a valuable
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tool for erosion prediction, allowing for more precise and adaptable erosion
management strategies in diverse environments (Bag et al., 2022; Gholami et al.,
2024; Pourghasemi et al., 2020).

In addition to that, ML has gained growing prominence in erosion research due
to its ability to integrate complex and nonlinear interactions among multiple
environmental, geological, and climatic factors. By leveraging large and
heterogeneous datasets, ML models enable high-resolution spatial mapping of
erosion-prone areas, significantly improving prediction accuracy and identifying zones
of heightened risk (Barakat et al., 2023; Pourghasemi et al., 2020). These
advancements support more targeted and cost-effective interventions by allowing land
managers to anticipate erosion processes and allocate resources more efficiently.
Moreover, ML algorithms facilitate factor analysis, helping researchers identify and
rank the most influential drivers of erosion, such as slope gradient, rainfall intensity,
vegetation cover, and proximity to river networks, which is essential for designing
effective mitigation strategies (Bag et al., 2022; Gholami et al., 2024).

Beyond prediction and mapping, the incorporation of explainable machine
learning techniques, such as SHAP (Shapley Additive Explanations) and permutation
importance, has further expanded the practical utility of these models. These
approaches enhance the transparency of ML outputs, enabling stakeholders and
decision-makers to understand how different variables contribute to erosion risk
(Gholami et al., 2024). As a result, ML not only strengthens scientific understanding of
erosion dynamics but also improves communication and trust between researchers,
policymakers, and practitioners. Overall, the integration of machine learning into
erosion research marks a critical shift toward more precise, data-driven decision-
making in environmental and land management contexts.

Recent methodological advancements further underscore the growing
importance of machine learning in environmental sciences. For instance, Jemeljanova
et al. (2024) reviewed how supervised machine learning models address spatial
autocorrelation—an essential concern in modeling environmental variables—
highlighting the lack of standardized approaches and the contextual nature of spatial
strategies in the modeling pipeline. Their work underscores the importance of selecting
appropriate spatial methods based on study characteristics and shows the potential of

explicit spatial covariates and informed data splitting to improve model performance.
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Complementing this, Ekeh et al. (2025) examined the transformative potential
of machine learning in guiding environmental policy and sustainability. Their
interdisciplinary framework integrates geospatial analysis, predictive modeling, and
real-time monitoring through IoT to tackle urban and ecological challenges. The study
emphasizes the value of machine learning in generating actionable insights for climate
resilience, pollution control, and equitable environmental decision-making.

Despite the promising advancements, implementing machine learning in the
context of environmental issues presents inherent challenges. Notable limitations are
related to insufficient or low-quality data, biased or incomplete datasets, computational
resources requirements, limited techniques for effectively incorporating domain-
specific knowledge held by experts and scalability challenges in modelling for larger
geographic areas or address regional environmental issues (Xian Liu et al., 2022).

Some specific environmental-related limitations include temporal and spatial
aspects. Environmental conditions change over time and machine learning models
may face difficulties in capturing temporal dynamics (Amato et al., 2020). This
limitation is particularly relevant when addressing phenomena with seasonality or long-
term trends. In addition, environmental processes often exhibit spatial heterogeneity
and machine learning models may struggle to capture these variations accurately
(Schmidt et al., 2020). The lack of spatial representativity can lead to limited
applicability of models across diverse geographical regions. In addition, Not
considering these aspects in machine learning models may not adequately capture
uncertainties associated with environmental processes, leading to overly confident
predictions (Xian Liu et al., 2022).

Linear erosion processes are triggered by several factors, mainly, relief
features, land use/cover, geological material, and rainfall erosivity (Cunha and Guerra,
1996). Then, defining the extent area of the spatial influence of these factors remains
a complex task, impacting the accuracy of predictive models. Besides that, scarcity of
non-occurrence data poses challenges in training models, as linear erosion
occurrences are often imbalanced (Xian Liu et al., 2022).

In fact, the study of linear erosion, particularly gully erosion, is paramount for
environmental sustainability. The integration of artificial intelligence and machine
learning has enhanced our ability to address these challenges. However,
acknowledging and addressing the limitations in implementing machine learning for

environmental issues is crucial for advancing accurate and reliable predictive models,
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ultimately contributing to effective gully erosion management and environmental

conservation.

Based on the aforementioned premises, this text establishes the hypothesis
that sampling (or instances) and influence area are sensitive topics among linear
erosion studies developed by the use of machine learning methodology. Thus, this
study aimed to investigate the critical role of sampling strategies and how the
topographic contributing area can support predictive modelling among machine
learning studies. To achieve this, a bibliometric analysis was conducted to identify
historical and emerging trends at the intersection of linear erosion and machine
learning. Additionally, a systematic Al-assisted information extraction was performed
to synthesize key methodological approaches. A subsequent in-depth literature review
focused on sampling strategies and the role of drainage areas in erosion studies. By
critically analyzing these aspects, this study aims to highlight gaps in current
methodologies and propose improvements for more effective and spatially

representative machine learning applications in linear erosion research.

2. Materials and methods

The methodological procedure started with a bibliometric analysis, serving as a
foundational exploration of the existing literature framework. Subsequently, a
systematic extraction of key information was conducted using artificial intelligence
tools, allowing for the comprehensive retrieval and synthesis of relevant data points.
Building upon these findings, a thorough literature review was undertaken to delve
deeper into topics pertaining to sampling for machine learning applications and the
significance of defining the area of influence concerning natural phenomena.

The bibliometric analysis assessed studies on linear erosion developed with or
related to machine learning techniques. Bibliometrics is a quantitative method used to
strategically analyse patterns and relationships within written scientific publications. It
involves the statistical and mathematical analysis of bibliographic data, which includes
information about books, articles, or other forms of literature, allowing concepts
exploration and providing insights of the main characteristics of a specific knowledge
field (Sharifi et al., 2023; van Raan, 2005).

Data was retrieved from Scopus online database, as it is one of the main

indexing platforms for international scientific publications besides being besides being
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widely recognized for its comprehensive coverage and reliable citation metrics
(Romanelli et al., 2018). Additionally, Scopus allows for efficient data export and
integration with bibliometric analysis tools, which is essential for processing and
analyzing citation networks in our study (Falagas et al., 2008).

For these reasons, Scopus was chosen to ensure the reproducibility of our
search process and seamless integration with bibliometric tools (Gusenbauer and
Haddaway, 2020). The research examined academic publications until December 31,
2023 and a minimum temporal frame was not established, however, the research

performed in January 2024, for the purposed search, found documents from 2017.

According to (T. H. F. E. Silva et al., 2021), the development of bibliometric
studies and systematic reviews tightly rely on search terms selection and composition.
The search was performed considering the titles, keywords, and abstracts, according
to the terms and delimiters indicated in Table 1, however, only the Joint Search was

adopted to develop the bibliometrics.

Table 1. Terms and strings used in the searches for bibliometrics analysis.

Searched Terms  String Composition N. Publications  Period
Linear Erosion TITLE-ABS-KEY ( "linear erosion" OR 11,531 1869 - 2023
Gully "linear erosions" OR gully OR gullies OR

Ravine ravine* )

Machine Learning  TITLE-ABS-KEY ( "machine learning" ) 567,176 1959 - 2023
Joint Search TITLE-ABS-KEY ( ( "linear erosion" OR 127 2017 - 2023

"linear erosions" OR gully OR gullies OR
ravine* ) AND ( "machine learning" ) )

Source: Prepared by the authors.

Descriptive statistics were applied to summarize basic information regarding
retrieve bibliographic data, such as documents typology, their quantitative temporal
evolution and the most relevant sources. VOSviewer, a bibliometric software, was
employed for network analysis and visualization. This software is widely disseminated
for the purpose of bibliometrics and essentially projects the bibliographic information

of academic documents onto bibliometric maps (van Eck and Waltman, 2010).

Collaboration patterns among countries and authors were visualized as
networks. Authors keyword maps were generated to illustrate relationships between
key terms, including the temporal evolution of research trends. In this visualization
scheme, data are represented as circles, connections (lines) and colors (clusters or

average date). The size of the circles represents the number of documents, the
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intensity of connection between items is expressed by the thickness of the lines, and
the color symbology can represent groups (clusters) with more significant interaction
or the average year of occurrence (van Eck and Waltman, 2014). In this study, we

chose showing only items with at least three occurrences.

Additionally, an artificial intelligence tool was employed to extract valuable
information from indexed bibliographic data, providing a deeper understanding of the
content. Abstracts of retrieved publications were processed using Perplexity Al Chat,
that is an artificial intelligence-powered language model that uses natural language
processing and machine learning to generate human-like text, answer questions,
provide information, and assist with various tasks . Perplexity Al Chat is similar to the
most known ChatGPT, however, allows users to conduct a human-like conversation

based on inputs, such as texts and images (Codina, 2023; A. Pan et al., 2023).

Considering the literature investigated on the introduction section and expert
knowledge, Perplexity Al Chat was employed to identify and extract the following key

insights:
(i) What multivariate analysis methods are mentioned?
(i) What machine learning methods are mentioned?
(i)  What statistical methods are mentioned?
(iv)  What programming languages are mentioned?

(v)  What GIS-based tools or materials are mentioned?

The central topics for extraction were identified based on their inclusion in the
set of studies outlined by Vosgerau and Romanowski (2014) and Silva et al. (2021).
They approach aims to facilitate the organization and synthesis of the identified
publications, encompassing both trends and methodological procedures employed.
Furthermore, following their guidelines and adapting their elucidative expressions for
the objectives of this paper, the selection of these extraction topics was guided by
specific directives: assessing production contributions, understanding the
characteristics and methodological qualities of the studies, and gaining insight into the
tools employed.

For the literature review stage, in order to refine the selection of articles aligning
with the purposed objectives, the search query in Scopus was augmented with the

terminology "sampling", which yielded a total of 4 additional documents. Subsequently,
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a thorough examination of these documents led to the inclusion of 2 more articles,
guided by insights gleaned from the discussions and findings presented therein. This
systematic and iterative process of literature curation ensured the comprehensive
coverage of relevant studies (Paré et al., 2015) addressing the nuances of sampling
methodologies for machine learning applications in the context of natural phenomena,
specifically, linear erosion.

Given the absence of documents retrieved upon augmenting the search with
terms related to drainage or topographic influence area and non-occurrence or
absence sampling, the review process concerning these topics transitioned into an
integrative literature review approach. Integrative reviews provide a comprehensive
synthesis of existing literature by drawing from diverse sources and methodologies,
allowing for a nuanced exploration of complex and interdisciplinary topics (Cronin and
George, 2023). By adopting an integrative approach, the review aimed to bridge gaps
in the literature and offer a holistic understanding of the topics found during the
previous methodology steps. Also, through this integrative lens, the review sought to
uncover insights from various disciplinary perspectives, thereby enriching the
discourse surrounding sampling methodologies and spatial delineation techniques

crucial for accurate modelling and prediction of environmental processes.

3. Results and discussions

3.1. Bibliometric analysis

As of the date of the search, there was Scopus has 11,531indexed documents
containing the Linear Erosion related terminology, the oldest one is “On the Formation
of Ravines by Recent Drift Accumulations” (Kinahan, 1869). The most cited document,
named “Gully erosion and environmental change: Importance and research needs”
(Poesen et al., 2003), exposed a huge gap as researches dealing with soil water
erosion have been concentrated exclusively on sheet (interrill) and rill erosion
processes operating at the (runoff) plot scale. Authors conducted a comprehensive
review on this, identifying key research questions, and concluded that there is a need
for monitoring, experimental and modelling studies of gully erosion as a basis for
predicting the effects of environmental change (climatic and land use changes) on

gully erosion rates.
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Regarding Machine Learning related documents, two documents from 1959
were found, “Some experiments in machine learning” (Campaigne, 1959) and “ Two
notes on machine Learning” (Martens, 1959). In this context, the most cited paper is
“‘Random forests” (Breiman, 2001) which introduces the methodology of combining
tree predictors, where each tree's reliance on values is based on an independently

sampled random vector with a consistent distribution across all trees in the forest.

Finally, the joint investigation returned 127 documents and, differing from the
previous searches, the combined one showed itself as a recent and ongoing topic, as
the first published paper dates from 2017, being the second most cited, and whereas
there is a growth trend over the years (see Figure 1a). In Figure 1b one can see the
predominance of article-type documents, 88%, indicating high scientific quality

content, once they are usually peer-reviewed.

Corroborating this, most relevant sources also comprise high quality journals,
as showed in Table 2. The provided table reveals insightful patterns in the distribution
and impact of scholarly publications across various journals. Firstly, the extensive
reach of the research is evident as documents are disseminated across a diverse
range of 59 journals. This highlights the broad scope and multifaceted nature of the
subject matter. Additionally, the concentration of contributions is underscored by the
fact that 16 journals have published three or more documents, emphasizing key

players in the dissemination of knowledge within this field.

Figure 1. (a) documents by year and (b) documents type.
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Source: Prepared by the authors.
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359 Table 2. Terms and strings used in the searches for bibliometrics analysis.

Source Title Documents % CiteScore* Nu_mb_er of Citation
number (2022) Citations Ratio**
Remote Sensing 13 15.9 14.43 395 304
Geomorphology 6 7.3 7.8 260 43.3
Science Of The Total Environment 6 7.3 7.3 565 94.2
Geomatics Natural Hazards And Risk 5 6.1 12.9 108 21.6
Geoderma 4 4.9 16.8 350 87.5
Water Switzerland 4 4.9 15.3 32 8.0
Sensors Switzerland 4 4.9 7.2 234 58.5
Land Degradation And Development 4 4.9 6.8 36 9.0
Geoscience Frontiers 4 4.9 55 185 46.3
Journal Of Environmental Management 3 3.7 13.4 146 48.7
g(taeszaariznal Soil And Water Conservation 3 37 £ 10 33
Catena 3 3.7 98 37 12.3
:ﬁfil:{n?alt?éirnatlonal Journal Of Geo 3 37 62 77 25 7
Ecological Informatics 3 3.7 6.1 53 17.7
Geocarto International 3 3.7 4.3 5 1.7
ﬁ;c:]\(/)a\\/r;c;%iln Science Technology And 3 37 06 492 14.0
360 Note: *CiteScore is a bibliometric indicator proposed by Scopus to assess the quality of academic
361 journals. It is widely used in scientometric analyses as a measure of journal impact and relevance

362 (Elsevier, 2021). **Citation Ratio represents the number of citations received by a journal divided by

363 the number of documents published in that journal, providing an indication of the average impact per
364 publication. Source: Prepared by the authors.

365

366 Notably, the journal "Remote Sensing" emerges as a significant contributor,

367 responsible for 15.9% of the total documents, distinguishing itself with the third-highest
368 CiteScore (14.43). The spectrum of CiteScores, ranging from 0.6 to 16.8, showcases
369 the variability in the scholarly impact of the journals, with an overall average CiteScore
370 of 9.1. The relatively high CiteScore values of the top journals in this field suggest that
371 research on this topic is being published in well-regarded venues, indicating both
372  scientific interest and academic credibility.

373 In general, this comprehensive analysis of journal distribution and CiteScores
374  provides valuable insights into the landscape of academic contributions in the given
375 subject area. Furthermore, citations number and citation ratio, which is the relation
376 between citations and documents number of a source, evidence journals’ visibility and

377 content relevance.
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The examination of the data reveals intriguing dynamics within the realm of
academic influence among the journals. Despite "Remote Sensing" having the highest
number of publications at 13, it falls short in terms of citations, suggesting that quantity
does not necessarily correlate with influence in this field of research. On the contrary,
"Science Of The Total Environment," with a smaller number of publications at 6,
emerges as the most cited journal, signaling its exceptional relevance or heightened
visibility within the scholarly community. This is further emphasized by a remarkable
citations-to-document ratio of 94.2, indicating a substantial impact per publication. This
suggests that while some journals serve as primary outlets for publishing research,
others are more influential in shaping the academic discourse, likely due to the

perceived credibility and interdisciplinary nature of their readership.

Notably, the "Geoderma" journal stands out with an impressive citation ratio of
87.5, underscoring its significant influence despite a modest number of publications.
It's worth noting that while "Remote Sensing" boasts a higher CiteScore than "Science
Of The Total Environment," the pinnacle is reached by "Geoderma," suggesting that
assessing influence solely based on publication quantity or CiteScore may
oversimplify the nuanced landscape of scholarly impact in this particular field. These
variations reinforce the importance of considering multiple bibliometric indicators when
assessing journal influence, as citation-based metrics may reflect different aspects of
academic impact compared to publication frequency or CiteScore alone. These
findings prompt a more intricate exploration into the factors contributing to the varying

degrees of influence exhibited by these journals.

In Figure 2, we present two bibliometric maps depicting the publication scenario
across countries, in which the size of each circle corresponds to the quantity of
publications per country. Iran emerges as the frontrunner with 45 publications, followed
closely by China with 44 publications. Subsequent positions are occupied by India,
Australia, and South Korea, each contributing significantly to the academic discourse
in the field. The varying sizes of the circles offer a straightforward yet impactful
visualization of the publication contributions by different countries, elucidating the
relative prominence and engagement of each nation within the studied research

domain.

The network of international contributions is characterized by its heterogeneity,

with numerous countries engaging in collaborative publications, as depicted by the
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varying thickness of connecting lines between circles. Remarkably, countries with a
higher volume of publications appear to be more active in international cooperation.
The thickness of the connecting lines signifies the extent of collaborative efforts,

showcasing the intricate web of scientific exchange.

Figure 2. Documents per country, (@) average publication year and (b) average citations.
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average number of citations per country, with darker blue indicating fewer citations and yellow
highlighting countries with higher citation counts. In both visualizations, the node size corresponds to
the number of documents published by each country, while the thickness of the connecting lines
represents the strength of collaboration between countries. Source: Prepared by the authors.

Despite the absence of discernible patterns in specific collaboration types, the
data underscores the multifaceted nature of global research partnerships. This
intricate interplay of collaborative networks accentuates the interconnectedness of the
scientific community, emphasizing the importance of international collaboration in

advancing knowledge within the studied field.

Figure 2a illustrates a bibliometric network regarding the average publication
year of documents by country. Despite the prominence of China, India, and Iran as
prolific publishers, this figure unveils a distinct pattern where Morocco, Nigeria, Turkey,
France, and Brazil stand out with the most recent average publication years. This
highlights not only their active scholarly engagement but also the contemporary nature

of their contributions to the field.

In contrast, Figure 2b portrays a bibliometric network showcasing the average
citations per document by country. Here, Germany, the Netherlands, Vietnam, Iran,
Malaysia, South Korea, and Belgium emerge as notable leaders. These countries
exhibit a high average citation per document, emphasizing the impact and recognition
of their scholarly output. This dual analysis in Figure 2 provides a nuanced
understanding of the global scientific landscape, capturing both the temporal

characteristics of publications and the citation impact of different countries in the field.

By visually mapping the connections between keywords based on their
occurrence and relationship, the bibliometric network presented in Figure 3 provides
a nuanced perspective on the most relevant topics studied by authors. Examining the
keywords with the highest frequency of occurrences unveils pivotal themes in the
research domain. "Machine learning" and “gully erosion” stand out with the highest
frequency and link strength between them, however this was expected as they were
searched terms. This prominence underscores the extensive exploration and

utilization of machine learning techniques in the context of gully studies.

Additionally, "Random forest", “GIS” (geographic information system), "GES"
(gully erosion susceptibility), “soil erosion” and SVM (support vector machine)

demonstrate both notable frequency among publications and strong relation with the
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aforementioned items, emphasizing their importance in the identified publications. The
bibliometric representation not only captures the quantitative aspects of keyword
occurrences but also offers a visual narrative of the interconnections, providing
valuable insights into the focal points and relationships shaping the scientific

discussions in the field.

The inclusion of the average year of utilization for each keyword adds a
temporal dimension to our analysis, providing insights into the evolving trends within
scientific literature. Keywords such as "soil erosion," "boosted regression tree," "loess
plateau," and "artificial intelligence" have an average year of occurrence in 2022,
signifying their recent prominence in scholarly discussions. The frequent appearance
of "loess plateau" and "iran" can be attributed to their association with China and Iran,
respectively. The prevalence of these keywords may stem from the substantial volume
of publications originating from these regions, contributing to a higher frequency of

terms related to specific geographical features.

The keyword "artificial intelligence" maintains a relatively high frequency in most
recent years, which can be rationalized by its direct correlation with the most frequent
term, "machine learning." Similarly, the recent presence of "soil erosion" aligns with
the overarching theme of "gully erosion," emphasizing the interconnectedness of these
terms within the scholarly discourse. In the bibliometric network, "soil erosion", most
prominent term among the most recent ones, exhibits direct connections with the other

recent terms " boosted regression tree", “loess plateau" and “artificial intelligence”.

Additionally, its associations with terms from 2021, such as "svm", "random forest",
"machine learning", "gully erosion" and "erosion" highlight its continued relevance and
interplay with key concepts over time. This temporal analysis enhances our
understanding of the dynamic nature of keyword relationships and their evolving roles

in scientific research.

The keywords "topographic attribute," "spatial prediction," and "spatial
modeling" exhibit limited impact within the bibliometric network, suggesting a relatively
lower emphasis on spatial aspects and influence areas in the current discourse.
Despite their relevance to environmental phenomena, these terms do not emerge
prominently in the network of main keywords. This observation implies that, within the

studied scientific domain, there may be a gap in the exploration of spatial dimensions
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and modeling approaches, despite their potential significance in understanding and

predicting erosive processes.

Furthermore, the absence of terms related to the sampling of occurrence and
non-occurrence locations in erosion studies is noteworthy. This gap is particularly
crucial in the context of machine learning applications, where the inclusion of such
terms is essential for robust model development and accurate predictions. This insight
into the underrepresentation of certain spatial and methodological aspects
underscores potential avenues for the strategic literature review, in which further
exploration and investigation may contribute to a more comprehensive understanding

of erosion-related phenomena.

Figure 3. Most relevant keywords (average publication year).

deep learning

Q@E\ VOSviewer

artificial intelligence
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spatial modeling .
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remoteisensing 2020.0 2020.5 2021.0 2021.5 2022.0

Note: The network visualization illustrates the co-occurrence of keywords in the analyzed publications.
The node size represents the frequency of occurrence of each keyword, while the thickness of the
connecting lines indicates the strength of association between terms. The color scale reflects the
average publication year of documents associated with each keyword, with darker blue representing
older studies and yellow indicating more recent research. Source: Prepared by the authors.
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3.2. Machine learning among gully studies

Following the proposed methodology, this phase scrutinized the content of
articles, encompassing titles, abstracts and keywords, through predefined inquiries.
These inquiries were systematically addressed with the aid of an artificial intelligence
tool, allowing for a comprehensive analysis of the gathered data. This stage is crucial
as it will facilitate a more thorough and targeted analysis of the documents retrieved
in the initial search, thereby enhancing the understanding of the research landscape

within the scope of our investigation.

Tables 3 to 5 present the responses to the three proposed extraction questions:
"What multivariate analysis methods mentioned?", "What machine learning methods
are mentioned?" and "What statistical methods are mentioned?". The second column
of the table provides insights into the methods and tools identified based on the textual
content investigated, showing the context of the studies. These tables offer a
comprehensive overview of the analytical techniques and methodologies discussed
within the literature, aiding in the categorization and synthesis of pertinent information

for analysis and discussion conducted in the second stage of this paper.

Table 3. Multivariate analysis methods mentioned

Methods Study context

Used to weigh the factors and produce a preliminary map per
geoenvironmental hazard through Weighted Linear Combination in
the Multi-Geoenvironmental Hazards Susceptibility tool.

Analytical Hierarchy Process
(AHP)
Weight of Evidence (WoE) Used for spatiotemporal monitoring of gully erosion sensitivity.

Multicriteria Decision Making Used for spatiotemporal monitoring of gully erosion sensitivity.

(MCDM)

Order of Preference by Similarity Used for mapping gully erosion susceptibility using only
to Ideal Solutions (TOPSIS) topographic related attributes.

Principal Component Analysis Used to identify the processes controlling the variability in gully
(PCA) development.

Genetic Algorithm-Extreme A hybrid computer education solution used for spatial mapping of

Gradient Boosting (GE-XGBoost) the susceptibility of gully erosion.

Machine Learning Classification ~ Used in combination with the statistical weight of evidence model
(MLC) for gully erosion susceptibility mapping.

Source: Prepared by the authors.

Table 4. Machine learning methods mentioned

Methods Study context
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Random Forest (RF) Used for gully ero_sion susceptibility prediction in the study of
groundwater potential.
Used for gully erosion susceptibility prediction in the study of

Boosted Regression Trees (BRT) groundwater potential,

Reduced Error Pruning Tree Used for land degradation susceptibility mapping in the study of
(REPTree) gravely undulating red and lateritic agro-climatic zones.

Used for land degradation susceptibility mapping in the study of

Bagging-REPTree gravely undulating red and lateritic agro-climatic zones.
Support Vector Machine (SVM) Used for gully erosion susceptibility prediction.

Multilayer Perceptron Neural
Network (MLPNN)

Extreme Gradient Boosting

Used for gully erosion susceptibility prediction.

Used for gully erosion susceptibility prediction.

(XGBoost)
Source: Prepared by the authors.
Table 5. Statistical methods mentioned
Methods Study context

A bivariate statistical method used to evaluate the influence of geo-

Frequency Ratio (FR) environmental factors on gully erosion susceptibility.

Another bivariate statistical method used to assess the influence of
geo-environmental factors on gully erosion susceptibility.

Receiver Operating A graphical plot that illustrates the diagnostic ability of a binary
Characteristic (ROC) curve classifier system as its discrimination threshold is varied.

Modified Information Value (MIV)

A summary measure of the ROC curve, representing the probability
Area Under the Curve (AUC) that a classifier will rank a randomly chosen positive instance
higher than a randomly chosen negative one.

True Skill Statistics (TSS) A measure of the accuracy of a binary classification test.

A frequently used measure of the differences between values

Root Mean Square ErrofRMEE) predicted by a model and the values observed.

A measure of errors between paired observations expressing the

Mean Absolute Error (MAE) same phenomenon

A statistical measure of how close the data are to the fitted

R-squared T
regression line.

Source: Prepared by the authors.

In sum, the multivariate analysis methods showed in Table 3 were used in
combination with the machine learning algorithms showed in Table 4 to develop
predictive models for various environmental phenomena, such as gully erosion
susceptibility, multi-hazard mapping, soil erosion and landslide susceptibility. Regardin
the statistical methods showed in Table 5, they were applied to assess, evaluate and

validate the predictive performance of the models developed.

The studies under review predominantly employed a range of programming

languages, with Python, R, MATLAB, Java, and C++ emerging as the most commonly
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utilized ones. Python, renowned for its simplicity and versatility, has gained
widespread popularity in scientific computing and data analysis due to its extensive
libraries. R, known for its powerful statistical analysis capabilities and comprehensive
graphical functionalities, remains a staple in the field of data science and statistical
modeling. MATLAB, recognized for its extensive array of mathematical functions and
visualization tools, continues to be favored in academic and research settings,
particularly in engineering and computational science. Java, celebrated for its platform
independence and robustness, finds applications in a diverse range of domains,
including enterprise-level software development and mobile applications. Similarly,
C++, prized for its efficiency and performance, is often chosen for projects requiring
high computational speed and low-level system control. Collectively, these
programming languages offer a rich toolkit for researchers to tackle diverse
computational challenges across various domains, underscoring their significance in
advancing scientific inquiry and innovation (Bogdanchikov et al., 2013; Ozgur et al.,
2017).

Although QGIS is widely regarded as the most popular open-source GIS
software, mainly due to its robust suite of geospatial analysis tools and a user-friendly
and open-source interface (Friedrich, 2014), ArcGIS was the only one mentioned. The
absence of QGIS mentions may reflect either a bias towards proprietary software or a

lack of emphasis on open-source solutions within the surveyed literature.

In addition to traditional GIS software, the Google Earth Engine (GEE) platform
emerged as a notable tool utilized in the analyzed studies. While not strictly a GIS
software, GEE provides a powerful cloud-based geospatial analysis platform, enabling
researchers to access and analyze large-scale geospatial datasets using Google's
computational infrastructure (Zhao et al., 2021). Its ease of use, scalability, and access
to a vast repository of remote sensing data make GEE a valuable resource for
conducting geospatial analyses, particularly for projects requiring extensive data

processing and remote sensing applications.

Within the realm of remote sensing, the studies demonstrated a broad spectrum
of applications and techniques. Mentioned prominently were orbital images from
Landsat, Sentinel-1, and Sentinel-2 satellites, reflecting their widespread use in
environmental monitoring, land cover classification and change detection analyses.

Additionally, high-resolution imagery captured by Unmanned Aerial Vehicles (UAVs)
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emerged as a valuable resource for localized assessments and detailed mapping
efforts, including terrain altimetry nformation, particularly in areas where satellite

imagery may lack the necessary spatial resolution.

Moreover, the employment of Interferometric Synthetic Aperture RADAR
(INSAR) was noted, highlighting its utility in generating precise digital terrain models
and monitoring surface deformation with millimeter-level accuracy. INSAR leverages
the phase difference between radar signals acquired at different times to infer
elevation changes and surface displacements, making it invaluable for studying
geohazards, land subsidence, and glacial movements (Osmanoglu et al., 2016).
These diverse remote sensing techniques offer researchers a wealth of information for
characterizing Earth's surface dynamics, enhancing our understanding of natural

processes and human-induced changes on both local and global scales.

As the discussion about specific characteristics and requirements of studies
employing machine learning techniques progresses, it becomes evident that the
successful application of predictive models relies heavily on meticulous attention to
implementation steps. Particularly in the context of environmental phenomena, such
as soil erosion, achieving models that closely mirror real-world scenarios necessitates

a thorough consideration of various factors.

Among these, the adequacy and representativeness of the training dataset
emerge as critical elements, given the high dependence on sampling in machine
learning applications. As such, ensuring that the training dataset encompasses a
diverse range of environmental conditions and accurately captures the complexities of
soil erosion dynamics becomes paramount. Moreover, addressing issues of data
quality, feature selection, and model validation assumes heightened importance in the

pursuit of robust and reliable predictive models (Rizeei et al., 2019; Ucar et al., 2020).

By navigating through these challenges, researchers can harness the full
potential of machine learning methodologies to unravel intricate environmental
processes and inform sustainable management practices effectively. All these
mentioned, the second stage of this study, which follows, will address in greater detail

aspects related to samping and influence area.

3.3. Machine learning dependence on sampling
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Machine learning (ML) encompasses a wide range of computational techniques
designed to identify patterns and relationships in data, and, in environmental modeling,
it has become a valuable tool for predicting the spatial distribution of diverse
phenomena (Jemeljanova et al., 2024). Most approaches in this field fall under
supervised learning, in which the algorithm is trained on labeled datasets—comprising
both presence and absence (or occurrence and non-occurrence) samples—alongside
a set of explanatory variables derived from environmental, topographic, climatic, or
other relevant data sources (Rabby et al., 2023; Stock, 2025; Zhu et al., 2019). The
model learns the relationship between these predictors and the known outcomes,
enabling it to classify or estimate the likelihood of the phenomenon occurring in
unsampled locations. In general, supervised learning workflows involve three main
stages: (i) data collection and preprocessing, where datasets are compiled, cleaned,
and transformed into suitable input variables; (ii) training and validation, where the
model learns from labeled data and is tested to ensure generalizability; and (iii)
evaluation, where predictive performance is quantified through statistical and spatial
accuracy metrics (L. Breiman et al., 1984; Mitchell, 1997).

This process is inherently dependent on the quality and representativeness of
the training data, making the sampling strategy a critical step for ensuring robust and
generalizable predictions. In broad terms, sampling involves dealing with class
imbalance, reducing dimensionality, balancing data, and using various sampling
methods such as systematic, cyclic/sequential, and stratified systematic sampling to

improve training time, accuracy, and stability (Ucar et al., 2020).

As it is a spatial phenomenon, which is influenced by the position in space,
specific geospatial data management tequiniques are necessary for obtaining
representative subsets (Rizeei et al., 2019; Ucgar et al., 2020). The most common
sampling techniques used in the context of geospatial data are (Eckman and Himelein,
2020; Stein and Ettema, 2003; Stevens and Olsen, 2004; Wang et al., 2012):

e Random Sampling: randomly selecting data points from the entire geospatial
dataset. Useful when the distribution of features across the spatial extent is

relatively uniform.

e Stratified Sampling: dividing the geospatial area into strata (subsets) based on

certain criteria and then sampling randomly from each stratum. Appropriate when
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the geospatial area exhibits significant variability, and you want to ensure

representation from different strata.

e Cluster Sampling:dividing the entire spatial region into clusters and then randomly
selecting entire clusters for analysis. Suitable when spatial autocorrelation is

present, and neighboring locations tend to have similar characteristics.

e Systematic Sampling: selecting data points at regular intervals across the
geospatial dataset. Useful when there is a regular pattern or grid structure in the

geospatial data.

e Spatial Stratified Sampling: similar to stratified sampling but considers the spatial
structure of the data. Divides the space into strata based on certain criteria and
then samples from each stratum. Effective when there are distinct spatial patterns

or clusters in the geospatial data.

e Quasi-random Sampling: using quasi-random sequences like Sobol or Halton
sequences to select samples. These sequences have desirable properties for even
coverage. Useful when you want a more evenly distributed set of samples

compared to completely random sampling.

e Spatially Balanced Sampling: a method that ensures a spatially representative
sample by minimizing the imbalance in feature distributions across the spatial
extent. Suitable when spatial patterns in the geospatial data need to be captured

accurately.

e Adaptive Sampling: Adjusting the sampling strategy dynamically based on the
observed data during the sampling process. Useful when the initial understanding
of the geospatial data is limited, and the sampling strategy needs to adapt to

emerging patterns.

The choice of sampling strategy depends on the characteristics of the target
fenomenon, the specific objectives of the analysis and the computational resources
available (Stein and Ettema, 2003; Stevens and Olsen, 2004). Considering the use of
machine learning in linear erosion analyses, just as important as building an inventory
of occurrences of erosion features is building an inventory of non-occurrences
(Naghibi et al., 2021).
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Non-occurrence sampling, also known as negative or background sampling, is
an important aspect of machine learning, especially in binary classification problems.
In binary classification, the goal is often to classify instances into one of two classes:
positive (presence of a certain feature or event) or negative (absence of that feature

or event) (Cucker and Smale, 2001).

The main reason why non-occurrence sampling is crucial in machine learning
refers to class imbalance. In many real-world scenarios, as in gully erosion, the
classes are imbalanced, meaning the possibility of occurrence has significantly fewer
instances than non-occurrence. Non-occurrence sampling helps address this
imbalance by providing a representative set of negative examples. Without proper
handling of class imbalance, machine learning models may be biased towards the

majority class, leading to poor performance on the minority class (Ghori et al., 2021).

In addition, training a machine learning model with only positive instances might
result in a model that is overly optimistic and overly sensitive to positive cases. Non-
occurrence sampling helps the model learn to distinguish between positive and
negative instances, promoting better generalization to new, unseen data. Besides that,
non-occurrence sampling helps reduce bias in the model. If the model is trained only
on positive instances, it may learn a biased representation of the problem and struggle
when faced with negative instances during inference. Incorporating non-occurrence

samples ensures a more balanced and unbiased model (Catani et al., 2013).

Preventing overfitting, where a model learns to memorize the training data
instead of generalizing to new data, is also achieve by preventing imbalance. This
because including negative instances helps the model focus on relevant patterns and
avoids memorizing noise present in positive instances. This is especially important
when dealing with noisy or imperfect data, where including negative instances aids in

learning the true underlying patterns (Y. Liu et al., 2023).

When evaluating model performance, it's important to consider metrics beyond
accuracy, such as precision, recall, and F1 score. Also, it is also important consider
that the absence of a specific event or condition is equally important as its presence.
Then, non-occurrence sampling allows for a more comprehensive assessment of the
mentioned metrics, providing insights into the model's ability to correctly classify both
positive and negative instances and making it more applicable to various scenarios
(Ghori et al., 2021).
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3.4. Sampling problem in the context of linear erosion

Considering the dependence of machine learning on sampling and all the

premisses described in the previous topic, it become crear that, in the context of

environmental and geophysical processes, the selection of a spatially stratified

sampling approach is justified by several reasons, among which Terry et al. (2021) and

Koldasbayeva et al. (2024) underscore the following:

Heterogeneous Landscape Conditions: Gully erosion is strongly influenced by
topographic, climatic, soil, and land-use conditions, which often vary spatially. A
spatially stratified sampling method ensures that all relevant environmental
conditions are adequately represented, reducing the risk of underrepresenting

critical erosion-prone areas.

Spatial Autocorrelation Consideration: Since spatial data often exhibit
autocorrelation—where neighboring locations share similar characteristics—it is
essential to use a sampling method that captures these dependencies. Stratified
or cluster sampling approaches help mitigate issues related to redundant

information from closely located data points.

Computational Efficiency: While random sampling may be straightforward, it can
lead to redundant data collection in regions with uniform characteristics. By using
a spatially balanced or stratified approach, the dataset remains diverse while

reducing unnecessary computational complexity.

Robust Training for Machine Learning Models: Since machine learning models rely
on diverse and representative data to learn meaningful patterns, spatially balanced
sampling prevents over-representation of any particular land type or erosion

condition, thus improving model robustness.

Alignment with Real-World Decision-Making: In practical applications, land
managers and policymakers often rely on spatially explicit models to implement
mitigation strategies. By ensuring that the training dataset represents real-world
heterogeneity, the model outputs become more applicable for decision-making

processes.

In addition to sampling design, several studies emphasize the importance of

considering spatial autocorrelation also in the validation stage of machine learning
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workflows. Jemeljanova et al. (2024) reviewed how environmental studies using
machine learning have addressed spatial autocorrelation across the modeling
pipeline—from data exploration to validation. Their findings highlight the lack of a
standardized approach, with context-specific strategies proving most effective. In
particular, the use of explicit spatial covariates and informed data splitting methods
stood out as robust strategies to reduce spatial bias and improve model reliability.
Similarly, Liu, Kounadi and Zurita-Milla (2022) demonstrated that the integration of
spatial features, such as spatial lag and eigenvector spatial filtering, into random forest
models significantly reduced prediction errors and spatial autocorrelation in residuals,

improving overall model performance.

Complementary evidence is provided by Filippelli et al. (2024), who warned that
random cross-validation schemes can lead to overoptimistic estimates of model
performance in spatially structured data. Their work reinforces the need for spatially
aware validation strategies—such as spatial blocking or buffering—to ensure
independent and representative testing. In the same vein, Stock (2025) demonstrated
that spatial block cross-validation, particularly when aligned with natural subregions,
leads to more realistic performance metrics. However, block size and configuration
must be carefully calibrated to balance bias and variance. These insights underscore
the relevance of integrating spatial validation practices alongside sampling strategies
to enhance the robustness and transferability of machine learning models in erosion

studies.

By carefully selecting an appropriate sampling strategy that includes both
erosion-prone and stable areas, and by considering the spatial heterogeneity of the
study area, a more accurate and generalizable model for predicting gully erosion
susceptibility can be ensured. Then, issues related to heterogeneity and spatial
distribution will be addressed in the next section (3.5). Meanwhile, the specific aspects
of practical sampling strategies will be discussed considering six main documents, as

catalogued in Table 6.

Table 6. Documents considered for review on sampling in erosion context.

Title Authors Date Source Geographic
scope
Assessing the performance of Garosi, Y,; Science of The Hamedan,

GIS- based machine learning Sheklabadi, M.; 2019

models with different accuracy Conoscenti, C; Total Environment  western Iran
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measures for determining
susceptibility to gully erosion

Pourghasemi, H. R;;
Van Oost, K.

Machine learning digital soil

mapping to inform gully erosion dH Plessis, C.; van Eastern
N . Zijl, G.; van Tol, J.; 2020 Geoderma Cape, South
mitigation measures in the Manyevere, A Africa
Eastern Cape, South Africa T
APG: A novel python-based Naghibi. S.A - Chaharmahal
ArcGIS toolbox to generate H gniol, . ” Geoscience and Bakhtiari
. ashemi, H.; 2021 . :
absence-datasets for geospatial = Frontiers Province,
; radhan, B.
studies Iran
Investigation of the influence of
nonoccurrence sampling on Lucchese, L. V.; de Rio Grande
landslide susceptibility Oliveira, G. G;; 2021 Catena do Sul. Brazil
assessment using Artificial Pedrollo, O.C. ’
Neural Networks
Mfondoum, A.H.N.;
Nguet, PW.;
Stepwise integration of Seuwui, D.T;
analytical hierarchy process Mfondoum, J.V.M;
with machine learning Ngenyam, H.B.; North-
algorithms for landslide, gully Diba, I.; Tchindjang, 2023 Geoenvironmental Moungo
erosion and flash flood M.; Djiangoue, B.; Disasters perimeter,
susceptibility mapping over the  Mihi, A.; Hakdaoui, Cameroon
North-Moungo perimeter, S.; Batcha, R;;
Cameroon Tchatchouang,
F.C.L; Petcheu,
I.C.N.; Beni, L.M.
Optimizing the Sample
Selection of Machine Learning
Models for Landslide Liu, Y.; Meng, Z,; Dabie
Susceptibility Prediction Using Zhu, L.;; Hu, D.; He, 2023 Sustainability Mountain,
Information Value Models in the H. Anhui, China
Dabie Mountain Area of Anhui,
China
. . . Kumar, P.; Priyanka, Uttarakhand,
Ad_dressmg class |m_be_1lance in P.: Uday; K. Vy Dutt 2024 Nat. Hazards . northern
soil movement predictions Vv Earth Syst. Sci. India
] , Taiping
EJ:J::%?.%:}S Li'lii"ﬂﬁ smotTe- LV M-z LK CaiJ- Township,
T . ; z; Mao J; Gao J-j; 2025 PLoS One Zhejiang
omek sampling and machine X :
. . uH. Province,
learning algorithm China

Source: Prepared by the authors.

Naghibi et al. (2021) proposed a novel Python-based ArcGIS toolbox that

generates absence-datasets for geospatial studies: the Absence Point Generation

(APG) toolbox. Authors chose to work with a diversity of environmental phenomena,

such as potential, susceptibility to floods, gully and landslides and their main goal was

to automate the construction of absence-datasets and improve the quality of your

outputs.The methodology began with the manipulation of presence location data,

meaning locations where the analyzed features were observed. Then, the APG toolbox

computes and sums the frequency ratio (FR) for all driving factors classes, generates
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a potential or susceptibility map and eliminate 25% of the most areas with the highest

susceptibility values.

Additionally, as geospatial phenomena exhibit a continuous nature that goes
beyond the representation of individual pixels; where areas in proximity to flood,
landslide and gully spots are generally more susceptible and regions closer to springs
are likely to have higher potential; zones closer and with higher presence densities are
more likely as well. Based on this assumption, authors incorporated two additional
criteria, eliminating an user-definined spring buffer of 300m from the area and 10% of
the area with the highest spring densities. Subsequently, a set of n absence datasets
(as defined by the user) is randomly generated. The absence and presence datasets
for training and validation are then combined, resulting in the creation of a datasets for

both training and validation machine learning purposes.

Unlike the previously mentioned study, Garosi et al. (2019) do not considered
the geospatial characteristics of gully features, because the main goal was to compare
four machine learning models: Random Forest (RF), Support Vector Machine (SVM),
Naive Bayes (NB) and Generalized Additive Model (GAM). Authors founded RF more

reliable for susceptibility assessment (Garosi et al., 2019).

Mfondoum et al. (2023) constructed a stepwise integration of analytical
hierarchy process (AHP) with machine learning (ML) for landslide, gully erosion and
flood susceptibility mapping and risk assessment. Overall, AHP was used to identify
and prioritize the factors that contribute to the occurrence of geoenvironmental
hazards, helping to focus on the most critical factors and allocate resources more
effectively. Then, ML algorithms were used to develop predictive models that can
identify areas at high risk, creating susceptibility maps. Classification and Regression
Trees (CART), Random Forest (RF) and Gradient Boosting Regression Trees (GBRT)
were used as basic learners of the stacked hazard factors, whereas, Support Vector

Regression (SVR) was used for a meta-learning.

This study differs from Naghibi et al. (2021) and Garosi et al. (2019) because
does not explicitly mention the use of non-occurrence or absence sampling, however,
Mfondoum et al. (2023) do mention the use of event records and analyst knowledge.
Essentially, this knowledge was used to supplement the event records and identify
additional areas from low to high risk of geoenvironmental hazards, based on the

knowledge of analysts familiar with the study area. This approach likely allowed the
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researchers to address the nonoccurence samples problem by leveraging their
knowledge of the study area and the available event records to generate
representative samples for the predictive models. Liu et al. (2023) did something
similar, by creating a disaster zoning map from low to high susceptibility and selecting

non-occurrence units among the low-susceptibility area (Y. Liu et al., 2023).

Although being focused on piping, du Plessis et al. (2020) bring valuable
insights into the impact of soil erosion near a road network and the measures being
taken to mitigate it. Authors describes the development of a Machine learning-based
digital soil mapping, created to identify areas where piping could occur. The
methodology is based on sampling soil properties at 600 locations within a 500 m
buffer around the available road network using the conditioned Latin hypercube

sampling (LHS) method.

LHS is a statistical method used for sampling from a multivariate parameter
space (Minasny and McBratney, 2006) and, in the context of the study, ensured that
the samples were representative of the parameter space by dividing the range of each
parameter into equally probable intervals and selecting one sample from each interval.
This approach is proven to be efficient given the need to cover the entire range of
ancillary variables, ensuring that the samples are evenly distributed across the
parameter space, reducing the likelihood of bias and improving the accuracy of the

resulting soil database (McBratney et al., 2003; Minasny and McBratney, 2006).

Regarding class imbalance, several studies on landslide indicate that ratio of
ccurrence samples and non occurrence should be equal to 1 (Nefeslioglu et al., 2008;
Schicker and Moon, 2012; Stizen and Doyuran, 2004). Following this premise, Naghibi
et al. (2021) and Lucchese et al. (2021) equally calibrated presence and absence
points data, in other words, for each gully sampling, a non-gully sampling was
generated (Naghibi et al., 2021). Garosi et al. (2019) did the same, however, in terms
of pixels number. In this study, after recognizing and counting pixels occupied by gully

erosion, authors randomly selected the same number of non-gully erosion pixels.

Liu et al. (2023) applied a positive/negative ratio of 1:1.2 for the selection of
non-landslide points to maintain a balanced approach to sample selection and to
ensure that the dataset adequately represented the natural conditions of the study
area. This refers to the predominance of non-occurrence cases observed in real world

and, by choosing a positive/negative ratio of 1:1.2, authors aimed to mitigate potential
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biases that could arise from an imbalanced representation, contribute to the
robustness and generalization ability of the machine learning model and lead to

improved model performance in identifying both landslide-prone and stable areas.

In scenarios where class imbalance is pronounced, as commonly seen in
erosion mapping studies, traditional random undersampling or equal ratio strategies
may not always provide optimal model performance. To enhance model robustness
and sensitivity to minority classes (i.e., erosion occurrences), recent studies suggest
employing data augmentation techniques such as the Synthetic Minority Over-
sampling Technique (SMOTE) (Lv et al., 2025) or Adaptive Synthetic Sampling
(ADASYN) (Kumar et al., 2024). In sum, these techniques generate synthetic samples
of the minority class by interpolating between existing data points, improving the
learning process of the model by expanding the decision boundaries in

underrepresented regions of the feature space.

In their studies, Kumar et al. (2024) and Lv et al.(2025) explored a range of
oversampling techniques—such as SMOTE, K-means SMOTE, borderline-SMOTE,
SMOTE-Tomek and ADASYN—in the context of soil movement prediction and
landslide susceptibility mapping. Their findings revealed that models trained without
oversampling consistently underperformed. These results reinforce the promising
potential of synthetic oversampling in handling class imbalance, especially in highly
skewed environmental datasets where the minority class (e.g., occurrence of erosion

or landslides) is underrepresented.

Although not widely applied in gully erosion studies yet, such approaches have
shown promising results in other environmental modeling contexts (e.g., landslides,
floods), where class imbalance also poses challenges. For example, Liu et al. (2023)
emphasize the need to balance datasets when using machine learning models for
landslide prediction, highlighting that imbalanced data may hinder the detection of true
positives in hazard mapping. The integration of techniques like SMOTE and ADASYN
can mitigate these issues by increasing the presence of meaningful minority samples,
thereby improving sensitivity and predictive accuracy without requiring extensive new
field data.

Furthermore, combining spatially aware sampling strategies with synthetic

balancing methods can yield more representative training datasets. This integrated
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approach not only addresses statistical class imbalance but also retains the spatial

heterogeneity crucial to modeling environmental phenomena such as erosion.

Taking into account these studies on linear erosion, machine learning and
sampling, they bring relevant contibutions in terms of presence and absense sampling
paramters, including location, density and class balance. However, as gully erosion is
an hydro-geomorphological phenomenon, driven by several and complex factors, the
dynamics of interaction between these factors needs to be considered. (Quoc Bao
Pham Kaustuv Mukherjee and Anh, 2020).

3.5. The contributing area role in linear erosion phenomenon

The hydrological contributing area influences linear erosion through
geomorphometric factors, climatic factors and human actions, being essential to
consider these interactions among the entire topographic area (Bonzanini et al., 2022;
Neves, 2022). Several studies suggest that most relevant aspects are slope gradient,
drainage area and land cover, with topographic indices being useful for assessing

processes’ evolution and identifying susceptible areas.

Patton and Schumm (1975) and Begin and Schumm (1979) began modelling
gully erosion as a threshold process and assumed that, for a given area of drainage,
there is a minimum slope that conditions surface runoff necessary to start the erosion
process. From this premise, other approaches were developed to predict how erosive
processes are distributed in space, to name a few, the "Composite Topographic Index"
(Thorne et al., 1986), the "Topographic Wetness Index" (Moore et al., 1988), the
"Sediment Transport Index" (Moore and Burch, 1986) and the "Stream Power Index "
(Moore et al., 1988).

If, on the one hand, each of these indices has a distinct proposal, on the other
hand, they all have the specific hydrological contribution area variable. This is an
indication of the high correlation in this aspect to erosion development. Similar as a
watershed delimited from an outlet, the contribution area (or contributing area or
drainage area or catchment area or water/ hydric influence area) can be defined as a
basic spatial unit in landscape hydrology and is delineated by the topography of the
land, with higher elevations forming natural boundaries that guide the flow of water

towards a central drainage point (Jefabek and Zumr, 2021).
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One of the first studies comprising the influence area specifically for linear
erosion confirmed a strong topographic control on the extent of the channel network
in a watershed, showing that the conditions for gully triggering are controlled strongly
by a topographic threshold that has an inverse relationship between upslope
catchment area and local gradient (Prosser and Abernethy, 1996). Authors also
proposed relating other parameters, such as the presence of piping, rock fragments
and land use, however, do not detailed the methodology to do so.

Santisteban et al. (2005) and Mufoz-Robles et al. (2010) explored the
relationship between gully erosion and site characteristics (topography, vegetation
cover, land use and road infrastructure), focusing on the assessment of the gully
volume as a result of a topographic thresholds. Although authors do not consider using
the contributing area for attributes incorporation, they concluded that the largest
erosional features derive from broader drainage areas.

Lucchese et al. (2021) also do not considered a topography-guided contributing
area, however, they proposed three different non-occurrence sampling strategies
taking into account the interaction of occurrence samples with the surrounding
environment. The first one collected non-occurrence samples from areas within a
specified buffer around the landslide scar, as say, a 5 km maximum radius and the
minimum distance from the scars varying from 0 to 2.5 km. The rationale is that areas
close to where landslides occurred may have had similar triggering conditions, but
landslides did not happen. The assumption is that rainfall and other terrain attributes
were homogeneous in this proximity. The second strategy extracted non-occurrence
sampling from a rectangle located in the valley area, considered a safe region, as
landslides are less expected to occur in flat areas. This approach incorporates prior
expert knowledge. And the third methodology combines both previous strategies,
buffer and rectangle, in which the total number of non-occurrence samples remains

constant, resulting in sparser sampling points within these combined areas.

Figure 4. Non-occurrence sampling strategies proposed by Lucchese et al. (2021).
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Instead of concluding which strategy is more efficient, authors conclude that, in
many cases, “expert knowledge intervention should, instead of being applied on the
formulation of the sample, (e.g. including a rectangle on the lowlands), be applied to
the delimitation of the application areas” (Lucchese et al., 2021 p.10).

Neves (2022) also based her research on sampling strategies comparison,
however, considering the use of 100m buffers and contributing areas - delimitated from
head-erosion records - as a separating border to select samples with and without
erosions, where gully points were placed within these boundaries and non-gully point
outside them. Although the research concluded that buffer was more suitable for
variable selection, it is worth mentioning that the author used this limit only for the
inside selection of random points, not considering the accumulated influence of the
attributes for a registered erosion feature.

In this sense, while traditional non-occurrence sampling strategies may
introduce biases due to the inclusion of potentially susceptible areas, integrating
topographical thresholds into the sampling process can enhance the
representativeness and reliability of non-occurrence samples. This, in turn, leads to

more accurate and robust landslide susceptibility models, not only by establishing a
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reliable methodology for creating non-occurrence samples but also by ensuring that
the phenomenon itself - erosive processes - is better represented in terms of its nature
as an environmental phenomenon.

Further supporting these premisses, recent studies on absence data sampling
in the context of landdslide have demonstrated that considering the spatial distribution
of causal factors can significantly improve the quality of non-occurrence samples
(Hong et al., 2018; Tsangaratos and Benardos, 2014; Zhu et al., 2019).

For example, the work developed by Rabby, Li and Hilafu (2023) proposed an
objective method to determine the critical value for sampling absence data based on
the third law of geography: “if two areas have the same geographical environment,
they will experience the same geographical processes” (Rabby et al., 2023), such as
erosion. This study compares two landslide susceptibility maps produced using a
random forest model, based on two different absence data sampling methods: (i) a
traditional slope-based approach and (ii) a method that incorporates 15 landslide
causal factors. While the first approach searches for sample spaces based only on
slopes where landslides do not occur, the second identifies areas with the greatest
dissimilarities from landslide-prone locations. The susceptibility map generated using
the proposed method resulted in higher model fitting and prediction accuracy
compared to traditional slope-based sampling methods. Additionally, the authors
concluded that maps based on the traditional strategy tended to overestimate high or
very high susceptibility zones.

Considering the importance of defining the critical conditions for the generation,
development and stabilization of gullies, studies evolving from the ones mentioned
above aimed to evaluate the topographical critical limits. Regarding that, one of the
most discussed and data explored characterisation of gullies is based on the
topographic control of the gully head position, where “the processes of erosion cannot
continue expanding upslope under the given rainstorm intensity and other boundary
conditions such as land use, vegetation cover and soil type” (Torri and Poesen, 2014,
p.74).

At this point, it has been showed that the evaluation of the relative importance
of the various factors influencing gully formation, which is crucial for a better
understanding of gully erosion, relies on a certain influence area. This influence area,
frequently associated to the contributing area, can derive from field survey and aerial

photographs for identification of erosion spots, followed by drainage area delimitation
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through Digital Terrain Model (DTM) (Kakembo et al., 2009; Stabile, 2013; Tang et al.,
2022; Yu et al., 2023).

Torri and Poesen (2014) conducted a comprehensive literature review on
topographic threshold conditions for gully head development in different environments.
Authors have highlighted the importance of considering the effects of land use on gully
development and the need for more detailed studies to obtain reliable models for
prediction and susceptibility.

In terms of land use aspects, models need to cover a complex processes and
dynamics. For example, depending of the influence area land uses, there is more or
less surface storage of rain water. If the surface use contains vegetation, it is protected
from drop impact and delays soil surface sealing. Additionally, soil aggregates are
more stable if organic matter is present in the soil, also plant roots increase
macroporosity and infiltration capacity. Furthermore, some types of land use can
increase friction to overland flow, decreasing runoff velocity and absorbing part of the
flow energy (Baets et al., 2007; Torri et al., 2013). There are also impermeable areas
which runoff is entire transferred to another land use, superficially and through
pipelines, increasing rainwater discharge in a reduce time amount (Torri and Poesen,
2014).

In this context, most of literature review focused on equations’ parameters.
However, Torri and Poesen (2014) concluded that most studies only provide a
qualitative description of the landscape, without specific details on the features of each
gully catchment area. Then, they suggested the development of a physically-based
model for predicting gully development in various landscapes and under changing
environmental conditions. Essentially, assuming natural conditions for rainfall
parameters, soil types and slope gradients, land use characterization of the catchment
area boundary represents the main interaction leading to an accelerated linear erosion

development.

Contrary to this premise, in all the sampling techniques gathered throughout
this review, either only topographic attributes of the influence area are incorporated,
or this area is used only as a border for the random sampling selection of points or
pixels. None of them used the drainage area as an accumulative factor for water
dynamics, in other words, the size of each land use surface among the contributing

area have not been be integrated into gully erosion susceptibility machine learning
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models. This means that both, occurrence and non-occurrence samples, could
incorporate the land use attributes of the drainage area of each point, proportionally

to the surface occupied by different uses.

3.6. Challenges in generalization and applicability

To consolidate the main elements discussed so far, Figure 5 provides a
schematic overview of the methodological workflow and key findings of this study. The
diagram highlights the data collection and preprocessing stage—central to our
analysis—which focuses on sampling strategies for environmental applications.
Special attention is given to addressing class imbalance between erosion and non-
erosion instances and to the use of contributing area for accurately locating non-
erosion points. This synthesis serves as a bridge to the following discussion, which
addresses one final and critical challenge: ensuring model generalization and
applicability across diverse geographic and environmental contexts.

Figure 5. Summary of the main findings of this study.
Machine learning overall process

Data collection and preprocessing Training and validation Evaluation

»Derived from field or remote sensing; »Expert knowledge;

»Alternatively based on explanatory variables »Based on explanatory variables (e.g. slope, lithology)
(e.g. slope, lithology);

»Spatial dispersion techniques (e.g. buffer zones, spatial
»Expert knowledge; blocking, or minimum distance rules)
»0Or a combination of several sources. »Hydrological filtering (e.g. using contributing area);
»Or a combination of multiple approaches.

Must ensure temporal, scale and spatial Aimed at improving generalization by teaching the model to
consistency. recognize negative cases as well.

3. Sampling strategies

»Random or balanced sampling (e.g., using a fixed ratio);
»Undersampling majority class;

»Advanced synthetic oversampling (e.g. SMOTE,
ADASYN, or other variants).

Aimed at better representing real-world class frequency,
considering the complex characteristics of environmental
phenomena.

Source: Prepared by the authors.

The application of machine learning models in environmental studies, such as

erosion prediction, faces significant challenges due to geographic variability and
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distinct environmental conditions. One of the central questions is whether to develop
highly accurate local models for specific areas or broader global models that may be
less precise but more widely applicable. Additionally, improving the generalization
ability of these models in complex and dynamic geographic environments is essential

to ensure their effectiveness.

Local models are trained with data specific to a given region, capturing
particular environmental nuances such as soil type, climate, and land use. This
specificity results in more accurate predictions within that area, as the model can better
represent the spatial and environmental relationships involved. However, this
approach has limitations, as the model’s applicability remains restricted to the studied
area. This means multiple models would need to be developed for different regions,
which can be costly and require extensive local datasets that are not always available
(Rolf et al., 2024; Shi et al., 2022).

On the other hand, global models are designed to cover multiple regions,
allowing for broader applicability. These models use data collected from various
geographic areas and can serve as a standardized tool for large-scale environmental
analysis. However, by incorporating diverse environments, such models may lose
precision concerning specific local conditions, as their approach tends to smooth out
regional environmental variations and reduce the influence of particular features. This
simplification can result in lower accuracy, especially when dealing with phenomena
like erosion, which are highly influenced by regional variables (Rolf et al., 2024; Shi et
al., 2022).

Recent studies reinforce this dichotomy between local and global models. Wu
et al. (2022) emphasize the importance of capturing local relationships in
environmental data through the use of Graph Neural Networks, while Pan et al. (2023)
explore generative approaches for spatial networks, highlighting that considering
specific spatial interactions improves the modelling of environmental phenomena.
Thus, a major challenge in this research field is defining the balance between

specificity and applicability.

Beyond this issue, a fundamental aspect of ensuring the robustness of machine
learning models applied to environmental studies is their ability to generalize. In
complex and dynamic geographic contexts, models must be capable of making

accurate predictions even in scenarios different from those used during training. One
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of the most effective approaches to improving this capability involves adopting spatial
cross-validation strategies that account for data spatial autocorrelation and prevent
model accuracy from being overestimated (Tziachris et al., 2023). According to the
study conducted by Tziachris et al. (2023), “spatial cross-validation seems to be able
to capture the spatial patterns in the data while also reducing the over-optimism bias
that is often associated with conventional random cross-validation methods”. This is
especially relevant because spatial data possess unique characteristics that can
introduce biases into machine learning models due to their inherent spatial
autocorrelation. Additionally, optimizing models through regularization techniques and
feature selection helps reduce the risk of overfitting and enhances prediction

robustness (Koldasbayeva et al., 2024).

Another crucial factor in improving generalization is the model’s ability to
incorporate new data over time. Since environmental processes are subject to
continuous changes, implementing continual learning techniques becomes a relevant
strategy to ensure that models remain updated and effective. Bai et al. (2022) propose
the concept of temporal generalization, in which dynamic neural networks are adjusted
to capture changes in environmental patterns over time. This approach can be
particularly promising for dealing with phenomena such as erosion, which may vary

according to climatic events and land-use changes.

Given these challenges, the choice between local and global models directly
depends on the specific study objectives and data availability. While local models offer
higher accuracy in specific areas, global models ensure broader applicability, although
they may lose important details. Regardless of the chosen approach, enhancing model
generalization should be prioritized through appropriate validation, optimization, and
continual learning strategies, ensuring more accurate and applicable predictions

across different environmental contexts.

Conclusions

This study reinforces the critical role of sampling strategies and topographic
contributing areas in improving machine learning applications for linear erosion
studies. By systematically reviewing bibliometric trends and methodological
approaches, we identified key challenges and advancements in integrating machine

learning into erosion susceptibility assessments.
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A central challenge in environmental machine learning lies in the incorporation
of absence data, given the inherent class imbalance of many environmental
processes. Unlike controlled experimental settings, real-world phenomena such as
linear erosion are dynamic, continuously evolving in response to climatic, topographic,
and anthropogenic factors. This variability complicates the reliable identification of true
absence locations, as areas currently unaffected by erosion may become susceptible
over time. Addressing this issue requires the development of adaptive sampling
strategies that account for spatial and temporal changes, ensuring more
representative training datasets and improving the predictive accuracy of machine

learning models.

The findings highlight that spatially stratified sampling techniques, particularly
those considering the hydrological contributing area, significantly enhance model
robustness. The strategy of placing non-occurrence samples outside the hydrological
contributing area—within a buffer range of 300 to 500 meters—proved effective in
capturing environmental variability. Additionally, maintaining a 1:1.2 occurrence-to-
non-occurrence ratio was instrumental in ensuring a balanced dataset, reducing
potential biases, and improving model generalization. Expert knowledge intervention

can also be incorporated.

Considering that non-occurrence sampling represents a critical aspect in
machine learning, particularly in addressing class imbalance inherent in many real-
world scenarios. Providing a representative set of negative examples helps mitigate
biases and ensures the model's ability to generalize to new, unseen data. It also aids
in preventing overfitting and promoting better model performance by facilitating the
learning of relevant patterns and reducing noise present in positive instances. In this
context, the contributing area determined by the topographic threshold also showed
potential in assisting the placement process of non-occurrence instances. In addition,
the adoption of advanced oversampling techniques and the use of spatial cross-
validation methods offer complementary strategies to further improve model

robustness and applicability in erosion prediction.

Despite these methodological advancements, challenges remain in fully
integrating landscape dynamics, particularly land use characteristics, into predictive
models. While topographic attributes are widely incorporated, the cumulative effects

of land use within contributing areas are often overlooked. Future research should
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emphasize physically-based models that account for these interactions to refine
erosion susceptibility predictions. Furthermore, spatial cross-validation and continual
learning techniques must be prioritized to enhance model applicability across diverse

landscapes.

Ultimately, this study reinforces the necessity of refining sampling
methodologies and integrating multi-factor environmental data to advance machine
learning applications in erosion studies. Addressing these gaps will improve the
predictive accuracy and practical applicability of models, fostering more effective soil

conservation and land management strategies.
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Abstract

Surface water erosion has intensified due to human-induced land-use changes. Although linear

2Civil Engineering Department, S3o Paulo erosion has been widely studied in rural environments, its dynamics in urban areas—where rapid

State University (UNESP), llha Solteira, Sdo
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transformations occur—remain insufficiently explored. Moreover, traditional studies often rely on
point-based explanatory variables, disregarding the hydrological nature of the phenomenon. Con-

sidering these particularities, this study analyzed linear erosion processes in urban areas across
Correspondence

[1] Rod. Washington Luis, s/n - Monjolinho,
Sao Carlos - SP - Brazil, Zipcode 13565-905.
Email: tatianeolivatto@ufscar.br

the state of Sdo Paulo, Brazil, examining two decades of land-cover changes and their implications
for erosion occurrence. A machine learning model, specifically a Classification and Regression Tree
(CART), was employed due to its interpretability, enabling a clear assessment of the relationship
between land-use transitions and erosion events. The research also compared data structuring
strategies to determine which configuration better captured the influence of land-use dynamics on
erosion and non-erosion cases, using hydrological contributing areas as spatial references. Results
revealed that land-use changes are strongly related to erosion occurrence, highlighting the role of
forest and natural vegetation preservation in preventing the phenomenon. Conversely, transitions
toward agricultural and non-vegetated areas—including urbanized zones—were identified as key ex-
planatory factors for erosion occurrence. These findings are expected to support future predictive
models and deepen the understanding of urban linear erosion dynamics.

KEYWORDS
Decision Tree, CART, Erosion, Contributing Area.

use and land cover become determining elements (Chaplot, Giboire.
Marchand, & Valentin, 2005; Endres, Pissarra, Borges, & Politano, 2006;
Guo et al}, 2019).

1 | INTRODUCTION

Soil erosion represents a significant environmental challenge in urban

landscapes, with anthropogenic activities playing a crucial role in trig-
gering and accelerating erosive processes (Poesen, Nachtergaele, Ver
straeten, & Valentin, 2003; Guo et al), 2019). Among various erosion
types, surface water erosion is the most prevalent (Blanco-Canqui & Lal,
2010), manifesting in two primary forms: sheet erosion, characterized
by uniform soil particle removal across slopes, and linear erosion, where
concentrated surface runoff creates small incisions that may evolve into
rills and gullies (Salomao et all, 1999).

In sheet erosion, more frequent in rural areas, the main conditioning
factors are precipitation, vegetation cover, topography, and soil char-
acteristics (Salomao et al), 1999; Cunha & Guerra, 2009). These same
factors are widely considered in studies on linear erosive processes.
However, in urban areas, the influence of anthropogenic landscape mod-

ifications stands out, where slope, contributing drainage area, and land

Pioneering research on linear erosion modeling by Patton and
Schumm (1975) and Begin and Schumm (1979) established that for
a given drainage area, a minimum slope threshold governs the sur-
face runoff required to initiate erosion. However, these foundational
approaches and subsequent traditional methodologies (Moore, Burch.
& Mackenzie, 1988; Moore & Burch, 1984; Thorne, Zevenbergen|
Grissinger, & Murphey, 1986) treated land cover as a punctual phe-
nomenon rather than integrating it across the entire drainage contribu-
tion area. Furthermore, both classical and more recent investigations
(Pons, Pejon, & Zuquette, 2007; Galharte, Villela, & Crestana, 2014;
Duries & de Mellg, 2014; Javidan, Kavian, Pourghasemi, Conoscenti,
& Jafarian, 2019; Prieto-Amparan et al., 2019) predominantly focus on
rural environments. Conversely, Brazilian urban and peri-urban areas re-

search typically emphasizes understanding surface runoff conditions to
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evaluate intervention alternatives for process control (Costa et al), 2018;
Carvalho et all, 2019; Arantes et al!, 2021).

Spatial modeling in urban areas presents particular complexities, as
linear erosion is primarily driven by land use dynamics characterized by
rapid and continuous changes. Traditional approaches exhibit another
limitation by neglecting temporal aspects, considering only current land
use as the triggering factor while ignoring the influence of land cover
changes over time.

In this context, the main motivation for this study lies in the need
to adapt traditional methodologies for modeling erosion susceptibility—
widely applied in rural areas—to the specific conditions of urban envi-
ronments, where land use and land cover undergo rapid and continuous
changes. The incorporation of the temporal aspect and anthropogenic
dynamics represents an essential advancement for understanding the
mechanisms that control the occurrence and evolution of erosive pro-
cesses in these environments.

The general objective of this work is to investigate the most rel-
evant patterns of land cover changes in triggering linear erosion in
urban and peri-urban areas. To this end, we propose to: (i) identify
the most suitable structure for incorporating and representing land
cover transition classes into the model—considering the buffer and con-
tributing drainage area approaches—used as delimitation strategies for
incorporating the land use variable and for allocating the sampling of
non-erosion points; and (ii) develop and adjust a classification model ca-
pable of identifying land use and land cover change patterns that are
more prone to triggering erosive processes in urban areas, evaluating its
effectiveness and accuracy.

The main scientific contribution of the study consists of propos-
ing a methodological and operational approach that integrates spatial
delimitation strategies (buffer vs. contributing drainage area) with the
temporal incorporation of the land use variable, which can be applied
to identify and evaluate areas susceptible to linear erosion in urban
contexts. This approach aims to support more accurate diagnoses and

inform urban planning actions and land management.

2 | LITERATURE REVIEW

A consensus exists among researchers regarding the significant im-
pact of anthropogenic activities on triggering and accelerating erosive
processes (Poesen et al, 2003; Guo et all, 2019). In this context, incorpo-
rating machine learning (ML) into erosion studies represents a powerful
approach for understanding complex relationships among environmen-
tal variables, leveraging its capabilities in analysis, modeling, and pre-
diction to support risk assessment (Pourghasemi, Yousefi, Kornejady, &
Cerdd, 2017; Amiri, Pourghasemi, Ghanbarian, & Afzali, 2019).

Despite these promising advances, implementing ML in environ-
mental applications presents significant challenges. Notable limitations
include insufficient or low-quality data, biased or incomplete datasets,
substantial computational resource requirements, and limited tech-

niques for effectively integrating domain-specific expert knowledge.

Additionally, scalability challenges arise when modeling extensive geo-
graphical areas or addressing regional environmental problems (X. Liu.
Lu, Zhang, Liu, & Jiang, 2022).

Environment-specific limitations further complicate ML applica-
tions. Temporal dynamics pose difficulties as environmental conditions
change over time, and ML models often struggle to capture these
evolving patterns (Amato, Guignard, Robert, & Kanevski, 2020). Spatial
heterogeneity presents another challenge, as environmental processes
frequently exhibit variations that ML models may fail to accurately rep-
resent (Schmidt, HeRe, Attinger, & Kumar, 2020). Insufficient spatial
representativeness can limit model applicability across different geo-
graphical regions, while failure to account for these spatiotemporal
aspects may lead to inadequate characterization of uncertainties in envi-
ronmental processes, potentially resulting in overconfident predictions
(X. Liu et al), 2022).

Machine learning algorithms can be broadly categorized into super-
vised and unsupervised approaches. Supervised learning involves train-
ing algorithms on labeled datasets to predict outcomes for new inputs,
encompassing both classification tasks (assigning categorical labels) and
regression tasks (predicting continuous numerical values). Unsupervised
learning identifies inherent patterns in unlabeled data through cluster-
ing (grouping similar instances) and dimensionality reduction (simplify-
ing data representation while preserving essential characteristics) (2, ;
Alloghani, Al-Jumeily, Mustafina, Hussain, & Aljaaf, 2019).

21 | Interpretable ML

Interpretability is crucial in scientific applications where understand-
ing decision processes is as important as prediction accuracy (Miller,
2019; Doshi-Velez & Kim, 2017). Christoph (2020) describes several
key situations where interpretability is particularly desirable, including
knowledge generation, bias detection, model debugging, and reconcil-
ing contradictions between prior knowledge and model outputs.

The evaluation of machine learning model performance is essential
in the data mining process, with common metrics including precision,
recall, accuracy, and F1-score (Z.-H. Zhou, 2021). However, in many real-
world applications (Gorzatczany & Rudzinski, 2017), it is important that
models demonstrate not only strong performance but also interpretabil-
ity for users (Piltaver, Lustrek, Gams, & Martinci¢-Ipsid, 2014; Q. Zhou.
Liao, Mou, & Wang, 2018). Additionally, Doshi-Velez and Kim (2017) em-
phasizes that even when a model exhibits strong performance based on
conventional metrics, it may still provide an incomplete representation
of certain real-world tasks.

While performance metrics are well-established, interpretability re-
mains subjective and challenging to quantify (Piltaver et al|, 2016;
Q. Zhou et all, 2018; Margot & Luta, 2021). Miller (2019) defines inter-
pretability as "the degree to which a human can understand the cause of
a decision”, while Murdoch, Singh, Kumbier, Abbasi-Asl, and YU (2019)
provides a more specific definition, describing interpretable machine
learning as "the use of ML models to extract relevant knowledge about

domain relationships contained in data”.
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Among models commonly considered interpretable are linear regres-
sion, logistic regression, and decision trees, though this categorization
continues to evolve with advances in statistical techniques, visualiza-
tion tools, and interpretability-focused research (Q. Zhou et all, 2018;
Murdoch et al), 2019; Christoph, 2020). The primary limitation of linear
regression is its inadequacy for classification problems. Although logistic
regression addresses this limitation, its interpretability can be challeng-
ing due to the multiplicative nature of weights, unlike the weighted sum
formulation of linear regression. Both methods struggle in applications
where feature-outcome relationships are nonlinear or involve complex
feature interactions. Decision trees, while performing poorly when lin-
ear relationships dominate, excel at capturing attribute interactions
(Christoph, 2020).

Based on the literature review and the need for interpretability in
environmental applications, this work employs Classification and Re-
gression Trees (CART) proposed by (Leo Breiman Jerome Friedmar,
1984). This choice was motivated not only by the algorithm’s high inter-
pretability through hierarchical structures where each decision can be
explicitly explained (ChristopHh, 2020), but also by its suitability for cap-
turing the nonlinear relationships inherent in the data analyzed in this

work.

2.2 | Decision Trees: CART

Decision Trees are supervised learning models applied to both classi-
fication and regression tasks. The Classification and Regression Trees
(CART) algorithm, introduced by Leo Breiman Jerome Friedman (1984),
remains one of the most widely used approaches due to its simplicity,
computational efficiency, and high interpretability.

CART constructs trees through recursive binary partitioning of the
data. At each step, the algorithm selects the attribute that minimizes im-
purity within the resulting subsets. For classification, impurity is typically
measured using the Gini index, defined for a node t as:

C

Gini(t) =1-_p?
i=1
where p; denotes the proportion of class i instances in node t, and C
is the total number of classes. The split yielding the lowest impurity is
chosen as optimal (Leo Breiman Jerome Friedman, 1984).

Tree growth continues until a stopping criterion is met, such as the
maximum depth or the minimum number of samples per leaf. These
parameters regulate the balance between overfitting and underfitting
(Phalak, Bhandari, & Sharma, 2014). According to Pedregosa et al{(2019)
and Buitinck et al. (2013), the most commonly used stopping parameters
include:

® Maximum depth (max_depth): Limits the maximum number of levels
in the tree. Deep trees tend to overfit the training data by capturing
noise, whereas shallow trees may underfit by failing to model data

complexity.

® Minimum samples required to split a node (min_samples_split): De-
fines the minimum number of samples required to further divide a
node. Larger values help control model complexity by preventing
overly specific splits.

® Minimum samples per leaf (min_samples_leaf): Ensures that each
terminal node (leaf) contains a minimum number of samples. This
avoids splits that result in leaves with very few observations, which
could lead to overfitting.

® Minimum impurity decrease (min_impurity_decrease): Specifies the
minimum impurity reduction required for a split to be performed.
This parameter controls split quality and prevents unnecessary
branches.

A key advantage of decision trees, and particularly of CART, is their
high interpretability. Trees can be visualized hierarchically, and each de-
cision made at a node can be explicitly understood, making the model’s
decision-making process transparent and accessible (Christoph, 2020).

Furthermore, feature importance can be derived from the contribu-
tion of each variable to impurity reduction (e.g., Gini decrease). Variables
that appear near the top of the tree generally have greater importance in
the model (Sandri & Zuccolottd, 2008). However, despite their simplic-
ity and transparency, decision trees can be sensitive to small variations
in the input data, potentially leading to significantly different structures
with minor data changes (Hastie, Tibshirani, & Friedman, 2009).

Decision trees also stand out for their computational efficiency. They
are generally fast to train and have low memory requirements, espe-
cially for small to moderately sized datasets. However, when applied to
large datasets or high-dimensional data with many categorical features,
their efficiency may decrease, as the algorithm must evaluate all pos-
sible splits to identify the optimal partition at each node (Hastie et all,
2009).

Finally, the implementation of decision trees in modern libraries
such as scikit-learn (Pedregosa et al|, 2011) has greatly facilitated their
practical use. These libraries provide flexible configuration options for
adjusting stopping criteria, pruning methods, and evaluation metrics,
allowing researchers and developers to customize models for specific
needs while ensuring computational efficiency and reproducibility of
experiments.

2.3 | Evaluation Metrics

Model evaluation is a critical step in machine learning to ensure the reli-
ability and validity of results. In binary classification problems—such as
the one investigated in this study—several metrics can be used to assess
model performance for both positive (1) and negative (0) classes. The
main metrics adopted here include accuracy, precision, recall, F1-score,
and ROC AUC (Receiver Operating Characteristic - Area Under the Curve)
(Fawcett, 2004).

Most of these metrics derive from the confusion matrix, which
summarizes prediction outcomes into four categories:
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TABLE 1 Main evaluation metrics

Metric/Formula Definition

Represents the proportion of correctly

TP +TN classified samples among all instances.
Accuracy = TP+ TN + FP + FN  Although widely used, it can be mislead-
ing in the presence of class imbalance.
Indicates the proportion of predicted
TP positive cases that are truly positive. It
Precision =

is crucial when minimizing false posi-
tives is more relevant than detecting all
positives.

TP+ FP

Measures the model’s ability to cor-

TP rectly identify positive instances, being

TP + FN essential when minimizing false nega-
tives is a priority.

Recall(Sensitivity) =

Harmonic mean of precision and recall,
balancing both metrics. It is particularly
useful for evaluating models trained on
imbalanced datasets.

Precision x Recall

Fl-score = 2x ———————
x Precision + Recall

Reflects the model’s capacity to discrim-
inate between positive and negative
classes at various decision thresholds.
The ROC curve plots the true positive
rate against the false positive rate, and
the AUC represents the classifier’s over-
all performance—values close to 1 de-
note strong discriminative ability, while
0.5 indicates random prediction.

ROC - AreaUnderCurve(AUC)

True Positives (TP): correctly classified positive instances.

False Positives (FP): negative instances incorrectly classified as pos-
itive.

True Negatives (TN): correctly classified negative instances.

False Negatives (FN): positive instances incorrectly classified as

negative.

Although accuracy is widely used, it may be misleading for im-
balanced datasets. In such cases, macro- and weighted-accuracy
variants—computed as the unweighted or weighted mean across classes,
respectively—offer fairer performance estimates (Pedregosa et al.,
2011).

3 | METHODOLOGY AND METHODS

This study employs an integrated geospatial and machine learning ap-
proach to analyze the influence of land use changes on linear erosion
occurrence in urban areas. The methodology was applied in Sao Paulo
state, Brazil - the country’s most urbanized state with 8,614.62 km?
of urban area (IBGE, 2022) and the highest urban population concen-
tration at 96.5% of the state’s inhabitants (SEADE, 2020). This con-
text provides an ideal empirical foundation for developing transferable
methodologies applicable to rapidly urbanizing regions globally.

The methodological framework comprises five main phases: (1) con-

struction of two distinct datasets using different spatial delimitation

strategies; (2) exploratory data analysis to understand data structure
and variable relationships; (3) data preparation including train-test-
validation splitting with stratification; (4) hyperparameter optimization
using cross-validation; and (5) final model validation and interpretation.

Data integration was performed within a Geographic Information
System (GIS) environment, combining four primary sources: (i) erosion
points inventoried by the Technological Research Institute (IPT, 2012);
(ii) land cover maps from 1990 and 2010 provided by the MapBiomas
Project (MapBiomas, 2023); (iii) a Digital Elevation Model (DEM) derived
from NASA’s SRTM mission (CATI, 2016); and (iv) urban census sector
polygons from the 2010 Brazilian Census (IBGE, 2010).

3.1 | Sampling strategy

For the proper functioning of supervised machine learning algorithms,
it is essential to provide both positive and negative examples of the
phenomenon under investigation. In this study, positive examples cor-
respond to erosion occurrences, represented by erosion points invento-
ried by the Technological Research Institute (|PT, 2012). Since explicit
negative erosion samples are not available — given that areas not clas-
sified as erosion are implicitly non-erosion — negative points were
allocated following a 1:1.2 ratio between positive and negative sam-
ples, as recommended by Y. Liu, Meng, Zhu, Hu, and He (2023) for
environmental machine learning applications.

The strategy adopted began by delineating the Hydrological Con-
tributing Areas (HCA) associated with IPT-catalogued erosion points
through extraction of drainage basins from the DEM. Negative in-
stances (non-erosion areas) were generated by sampling random points
within urban sectors (according to census sector polygons) located be-
yond 2.5 km from the erosion influence zones, thus ensuring spatial
separation between classes (Y. Liu et all, 2023; Olivatto & Di Lollo,
2025).

The overall data processing workflow is summarized in the flowchart
shown in Figure fll, while the spatial delimitation procedure of the
erosion and non-erosion areas is illustrated in Figure .

This process resulted in a point vector structure containing a binary
response variable Class, where value 1 indicates erosion presence (pos-
itive class) and value O indicates erosion absence (negative class). There
are 1,393 positive instances and 1,700 negative instances. These points
will be subsequently used to delimit the contributing areas for the next

methodological steps.

3.2 | Dataset Construction
Two datasets were systematically constructed to support the develop-
ment of this study. The overall data construction workflow is summa-
rized in Figure 3.

The difference between them relies on the strategy adopted to de-
lineate the contributing area for the analysis of the phenomenon. In the
first dataset, designated as d_B100, a circular buffer with a 100-meter
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FIGURE 2 Spatial delineation of erosion and non-erosion surfaces

radius was employed, following established protocols (
hll, 2014; Dewitte, Daoudi, Bosco, & Eeckhaut, 2015). In the second
dataset, designated as d_HCA, the delineation criterion was based on the

topographic threshold method, defining a HCA for each observation - as
suggested in other researches (Neves, 2022; Olivatto & Di Lolld, 2025).
By doing so, each erosion and non-erosion instance corresponds to

a specific spatial unit of influence — represented either by a buffer area
or by a hydrological contributing area, depending on the dataset. Con-
sequently, both datasets contain the same sample points and binary

was developed using GIS mathematical operations (raster calculator),
following the methodology proposed by (). This en-
abled identification of land use changes over two decades, categorized
into transition classes. The influence areas from both datasets, HCAs
and 100-meter buffers, were then intersected with land use transition
data, so that each instance represents a distinct area characterized by ex-
planatory variables indicating the proportion of each land-use transition
within that area.

These areas were computed as attributes representing the area, in
square meters, occupied by land use transition classes. Following GIS
processing, data were exported in tabular format for subsequent analy-
sis in Python (Python Software Foundation, 2020) using Google Colab
Python Notebook (Googlé, 2024). In total, both datasets contain the
same 25 transition classes, imported according to the official nomencla-
ture from the data source — MapBiomas Project (MapBiomas, 2024) —

and renamed to facilitate interpretation (see description in Table ).

For each observation, the sum of computed values across all at-
tributes equals the total contribution area of that record [sum(axis=1)].
In the d_B100 dataset, this area remains constant since all cases rep-
resent a circle with a 100-meter radius. In contrast, for the d_HCA
dataset, this value varies as each hydrological contributing area has
a different size. Therefore, to ensure comparability between observa-
tions, frequency-based encoding with row normalization was adopted.
This process adjusted each independent variable to represent the per-
centage occurrence of each transition class, ensuring that values in the
same row always sum to 1.00 (Sakai & Goto, 2014; Han, Kamber, & Pel,
), as schematically represented in Table E To facilitate comparison
between datasets, this same strategy was applied to both cases.

An exploratory statistical analysis was conducted to characterize
the datasets, including computation of mean, median, standard devia-
tion, and quartiles for all variables. The distribution of land use tran-
sition classes was visualized using violin plots, providing insights into
data spread and concentration patterns. To investigate relationships
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TABLE 2 Land use transition classes coding scheme

Initial Class Final Class Transition Renamed
Code Class
Forest Forest VALUE_101 FO_FO
Forest Shrubland VALUE_110 FO_HS
Forest Agriculture VALUE_114 FO_FA
Forest Non-vegetated VALUE_122 FO_NV
Forest Water VALUE_126 FO_WA
Shrubland Forest VALUE_1001 HS_FO
Shrubland Shrubland VALUE_1010 HS_HS
Shrubland Agriculture VALUE_1014 HS_FA
Shrubland Non-vegetated VALUE_1022 HS_NV
Shrubland Water VALUE_1026 HS_WA
Agriculture Forest VALUE_1401 FA_FO
Agriculture Shrubland VALUE_1410 FA_HS
Agriculture Agriculture VALUE_1414 FA_FA
Agriculture Non-vegetated VALUE_1422 FA_NV
Agriculture Water VALUE_1426 FA_WA
Non-vegetated Forest VALUE_2201 NV_FO
Non-vegetated Shrubland VALUE_2210 NV_HS
Non-vegetated Agriculture VALUE_2214 NV_FA
Non-vegetated Non-vegetated VALUE_2222 NV_NV
Non-vegetated Water VALUE_2226 NV_WA
Water Forest VALUE_2601 WA_FO
Water Shrubland VALUE_2610 WA_HA
Water Agriculture VALUE_2614 WA_FA
Water Non-vegetated VALUE_2622  WA_NV
Water Water VALUE_2626 WA_WA

Source: Adapted from MapBiomas (2023).

TABLE 3 Data structure schematic representation

Land use transition classes

3.3 | Experimental Setup and Training

To enable decision tree implementation, each dataset was initially struc-
tured into two sets: training-test and validation (in proportions of 80%
and 20%, respectively). The training-test set was further divided into
training and test subsets, also in an 80%-20% ratio, employing a strat-
ified K-Fold Cross-Validation strategy (Kohavi, 1995) with 5 folds. All
dataset splits—training, test, and validation—were stratified to maintain
the balance between positive and negative erosion instances, as illus-
trated in Figure E The validation set was excluded from training and
reserved exclusively for obtaining prediction metrics.

Dataset (100%)

v L4
Validation (20%) Train-Test (80%)

[ K-FOLD CROSS VALIDATION 1

20% 20% 20%

SEARCH: OPTIMAL HYPERPARAMETERS ‘

v

ID Class FO_FO FO_HS ANV AA Evaluation l kil HYPERPARAMETERS
0 1 00 09 01 00 Metrics TRAINING

1 0 0,1 0,2 0,0 0,7

FIGURE 4 Data splitting strategy into subsets

3092 O 0,55 0,05 0,1 0,3

between explanatory variables and erosion occurrence, a comprehen-
sive correlation analysis was performed using three complementary
approaches: Pearson correlation to assess linear relationships between
continuous variables and binary response; Spearman correlation to
evaluate monotonic relationships; and the Mann-Whitney U test for
non-parametric comparison of variable distributions between erosion
and non-erosion classes (Mann & Whitney, 1947; McKnight & Najal,
2010).

This multi-method approach enabled robust assessment of variable
associations with the target phenomenon. Statistical analyses were
supported by Matplotlib (Hunter & the Matplotlib development team,
2007)) and Seaborn (Waskom & the Seaborn development team, 2021)) li-
braries, while machine learning implementation and evaluation primarily
utilized Scikit-Learn (Pedregosa et all, 2011).

For CART algorithm implementation (Leo Breiman Jerome Friedmarn,
1984), the Gini criterion was used as the impurity measure, along with
automatic class weight adjustment (balanced). To select optimal model
hyperparameters, a parameter combination search was conducted using
RandomizedSearchCV, with 50 random combinations tested across the
following parameter ranges:

max_depth: random integer between 5 and 10 [randint (5, 10)];

® min_samples_split: random integer between 25 and 50 [randint (25,
50)];

® min_samples_leaf: random integer between 10 and 30 [randint (10,
30)];

® min_impurity_decrease: continuous values between 0.001 and 0.009

[uniform(0.001, 0.009)].

For each parameter combination, the model was trained using strat-
ified K-Fold Cross-Validation with 5 splits based on the training-test set,
totaling 250 model fits. The performance metric used to select the most

promising hyperparameters was recall, also known as sensitivity or true
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positive rate, which measures the model’s ability to correctly identify
positive class examples. The choice of recall was motivated by the pri-
ority to reduce false negatives, thereby avoiding the loss of positive
cases.

34 | Model Evaluation and Interpretation
The final models for d_HCA and d_B100 were trained on the training-test
sets using the optimized hyperparameters. Subsequently, these models
were evaluated on the validation sets, which were previously separated
and excluded from the training process. This critical step assesses model
performance on completely unseen data, ensuring robust generalization
capability. Model evaluation was conducted based on comprehensive
metrics including the confusion matrix, classification report (accuracy,
precision, recall, and F1-score), and ROC AUC analysis.

Beyond performance metrics, detailed model interpretability was
achieved through tree structure visualizations and variable importance
analysis, enabling deeper investigation into the underlying erosion pro-
cesses and key driving factors identified by the models. The analysis
extends beyond examining tree structures and feature weights for
model explainability, aiming to establish meaningful correlations be-
tween the computational results and the physical erosion processes

through interdisciplinary collaboration with domain specialists.

4 | RESULTS

4.1 | Statistical Approach

According to Breiman (2001), decision tree-based models — such as the
one employed in this study — are not affected by the absolute scale
of the variables, as they partition the input space using absolute split
thresholds rather than depending on linear relationships among predic-
tors. Although some classes exhibit very low frequencies while others
approach unity, no additional transformations were applied, since the
adopted frequency-based encoding already meets the purpose of nor-
malizing the proportions.

Table g summarizes the descriptive statistics of the explanatory vari-
ables. A preliminary inspection of these results indicates that many
variables have mean values close to zero, with medians and first quar-
tiles also equal to zero, suggesting that their values are frequently low or
null across most of the dataset. However, the classes FA_FA and NV_NV
stand out for presenting higher mean, median, and upper quartile values,
suggesting a greater overall representativeness within the dataset.

The comparative analysis of the descriptive statistics of both
datasets reveals structural similarities as well as some notable differ-
ences in the distribution of attributes. In general, both datasets show
relatively low mean values for most classes, suggesting that the pres-
ence of land-use transition categories within each sampling unit is often
small. However, some differences emerge between the datasets, such

as in the case of class FA_FA, which has a higher mean value in d_B100

(0.47) than in d_HCA (0.42), along with a lower standard deviation, indi-
cating a more concentrated distribution in this dataset. Moreover, some
classes, such as NV_NV and FA_NV, also display differences in their mean
and dispersion values, suggesting regional or methodological variations
between datasets.

Regarding variability, the classes exhibit distinct dispersion patterns.
Some categories, such as FO_F0 and NV_NV, show high standard devia-
tions in both datasets, indicating greater heterogeneity in the distribu-
tion of these transitions. In contrast, several classes, including HS_HS,
HS_FA, and FO_WA, present extremely low mean values and standard de-
viations close to zero, suggesting that these transitions are rare and
homogeneous among the samples. The quartile analysis reinforces this
trend, as many classes show first and third quartiles equal to zero,
indicating that most observations have no positive values for these
categories.

Finally, the heterogeneity between the two datasets can also be ob-
served in the range of maximum values. In both datasets, some classes
reach maximum values of 1.00, indicating that, in some regions, a given
transition class occupies the entire spatial unit. However, differences
can be seen in specific classes, such as FA_FA, where both the third quar-
tile and the median are higher in d_B100, suggesting that this category
is more representative in that dataset.

It is important to note that the relationship investigated in this study
— the influence of land-use change on erosion occurrence — as well as
the data used, refers to a real-world problem. Therefore, considering the
spatial scale of data acquisition and the temporal interval adopted, the
observed attribute values represent land-use transitions that, in reality,
may be sparse and highly variable, as shown in Figure E These plotsillus-
trate the behavior of attributes with distributions highly concentrated
near zero, confirming the predominance of low values and the absence
of significant variability in many of these variables. The combination of
these analyses suggests that some variables have limited potential to
contribute meaningfully to explaining the response variable.

The CART model implemented in this study performs well with in-
put data exhibiting the characteristics illustrated in Figure E, where
most variables are concentrated around O. This is because, by splitting
the data into segments, the tree selects cutoff values that can effec-
tively adapt to different distributions of explanatory variables, including
those highly concentrated around specific values (Leo Breiman Jerome
Friedmar, 1984).

Regardless of this fact, in a modeling context, it is important to
explore the correlations between these continuous variables and the re-
sponse variable (James, Witten, Hastie, & Tibshirani, 2013). The most
traditionally used correlation metrics are those of Pearson (1895) and
Spearman (1904). Although the explanatory variables are continuous,
the response variable is binary, which requires the use of more appro-
priate metrics.

Therefore, considering the heterogeneous distribution of the data
demonstrated in the violin plot (Figure E), the Mann-Whitney U test
(Mann & Whitney,, 1947) was also applied. This test, which is particularly

useful when the assumptions of normality or homogeneity of variances
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TABLE 4 Descriptive Statistics of the Variables

Class d_B100 \ d_HCA

Mean gteavri‘:;;: Min. Q1 Median Q3 Max. | Mean [S)teav?:;:i Min. Q1 Median Q3 Max.

FO_FO 0.13 0.30 0.0 0.00 0.00 0.03 1.00 0.14 0.32 00 00 0.00 0.00 1.00
FO_HS 0.00 0.01 0.0 0.00 0.00 0.00 0.24 0.00 0.00 00 0.0 0.00 0.00 0.03
FO_FA 0.02 0.09 0.0 0.00 0.00 0.00 0.97 0.02 0.12 00 0.0 0.00 0.00 1.00
FO_NV 0.00 0.04 0.0 0.00 0.00 0.00 1.00 0.01 0.06 00 00 0.00 0.00 1.00
FO_WA 0.00 0.00 0.0 0.00 0.00 0.00 0.22 0.00 0.00 00 0.0 0.00 0.00 0.05
HS_FO 0.00 0.01 0.0 0.00 0.00 0.00 046 0.00 0.02 00 00 0.00 0.00 1.00
HS_HS 0.00 0.03 0.0 0.00 0.00 0.00 0.64 0.00 0.04 00 0.0 0.00 0.00 1.00
HS_FA 0.00 0.01 0.0 0.00 0.00 0.00 041 0.00 0.00 00 0.0 0.00 0.00 025
HS_NV 0.00 0.01 0.0 0.00 0.00 0.00 0.34 0.00 0.03 00 00 0.00 0.00 1.00
HS_WA 0.00 0.00 0.0 0.00 0.00 0.00 0.00 0.00 0.00 00 00 0.00 0.00 0.00
FA_FO 0.02 0.07 0.0 0.00 0.00 0.00 0.81 0.02 0.11 00 0.0 0.00 0.00 1.00
FA_HS 0.00 0.02 0.0 0.00 0.00 0.00 0.34 0.00 0.03 00 00 0.00 0.00 1.00
FA_FA 0.47 0.38 00 0.03 0.47 0.85 1.00 0.42 0.44 00 0.0 0.22 1.00 1.00
FA_NV 0.15 0.25 0.0 0.00 0.00 0.23 1.00 0.17 0.32 00 0.0 0.00 0.18 1.00
FA_WA 0.00 0.02 0.0 0.00 0.00 0.00 1.00 0.00 0.03 00 00 0.00 0.00 1.00
NV_FO 0.00 0.00 0.0 0.00 0.00 0.00 0.16 0.00 0.00 00 0.0 0.00 0.00 0.17
NV_HS 0.00 0.00 0.0 0.00 0.00 0.00 0.16 0.00 0.01 00 00 0.00 0.00 0.29
NV_FA 0.00 0.02 0.0 0.00 0.00 0.00 0.92 0.00 0.02 00 00 0.00 0.00 1.00
NV_NV 0.16 0.31 0.0 0.00 0.00 0.16 1.00 0.20 0.36 00 0.0 0.00 0.22 1.00
NV_WA 0.00 0.00 0.0 0.00 0.00 0.00 0.06 0.00 0.00 00 00 0.00 0.00 0.05
WA_FO 0.00 0.02 0.0 0.00 0.00 0.00 044 0.00 0.02 00 00 0.00 0.00 0.50
WA_HS 0.00 0.00 0.0 0.00 0.00 0.00 0.19 0.00 0.00 00 0.0 0.00 0.00 0.01
WA _FA 0.00 0.02 0.0 0.00 0.00 0.00 0.34 0.00 0.03 00 00 0.00 0.00 1.00
WA_NV 0.00 0.01 0.0 0.00 0.00 0.00 0.25 0.00 0.01 00 0.0 0.00 0.00 0.67
WA_WA | 001 0.10 0.0 0.00 0.00 0.00 1.00 0.01 0.09 00 00 0.00 0.00 1.00

Note: Min.= minimum; Q1= 1st Quartile; Q3= 3rd Quartile; Max.= maximum.

(a) d_B100 are not met since it is a non-parametric test, is widely used to compare
o~
- the distributions of a continuous variable between two independent
e groups (McKnight & Najab, 2010)—in this case, the binary values of the
© response variable. The results are presented in Table ??2.
S
©
o
TABLE 5 Correlation tests results
Class d_B100 d_HCA
Pearson  Spearman p-Value Pearson  Spearman p-Value
FO_FO -0.35 -0.34 2.09e-81 -0.35 -0.34 2.49e-79
i} J'l FO_HS 0.05 0.06 2.18e-03 0.04 0.05 8.07e-03
&S P <0L S FOFA | -009 -0.09 203e-06 | -0.08 005  4.53¢-03
FO_NV -0.01 0.01 6.69e-01 -0.00 0.04 2.52e-02
~ FO_WA -0.03 -0.04 2.65e-02 -0.03 -0.06 1.13e-03
seefzsoeeEzeefzseeEzsRE s HS_FO | 003 0.04 147e-02 | -001 002  214e-01
[ U = Tt P Sy Tt Bl B By T R B T Rt Bl B - -
0o o0 guvinddg LSS HS_HS 0.04 0.08 2.71e-05 0.03 0.01 6.79e-01
CLEERRITIIEESEEZZZ22223555¢8 HS_FA 0.02 0.05 4.94e-03 0.03 0.04 4.96e-02
(b) d_HCA HS_NV 0.04 0.03 7.09e-02 0.03 0.06 1.93e-03
3 HS_WA NaN NaN 1.00e+00 0.02 0.01 5.01e-01
FA_FO -0.09 -0.07 6.29e-05 -0.08 -0.08 1.17e-05
2 FA_HS 0.05 0.09 1.50e-06 0.00 0.03 5.92e-02
FA_FA 0.27 0.26 6.68e-48 0.12 0.18 8.23e-23
® FA_NV 0.21 0.39 2.24e-104 0.22 0.33 8.05e-76
S FA_WA -0.05 -0.08 1.13e-05 -0.03 -0.06 1.91e-03
° NV_FO -0.01 0.00 8.08e-01 -0.02 0.01 6.70e-01
p= NV_HS -0.00 0.00 8.89e-01 -0.02 0.00 8.89e-01
NV_FA 0.02 0.04 1.86e-02 0.01 0.02 3.96e-01
g NV_NV -0.08 0.10 4.70e-08 0.06 0.13 1.80e-13
NV_WA | -0.02 -0.02 2.01e-01 -0.02 -0.03 1.11e-01
~ WA_FO -0.07 -0.08 6.05e-06 -0.05 -0.09 1.31e-06
° l WA_HS -0.02 -0.00 8.21e-01 0.02 0.01 5.18e-01
° ;é P ééé P <81l L1l WA _FA -0.06 -0.08 4.35e-06 -0.03 -0.06 1.09¢-03
IS WA_NV -0.04 -0.05 4.15e-03 -0.02 -0.00 9.19e-01
WA WA | -0.11 -0.13 2.37e-13 -0.09 -0.11 1.40e-09
~
TELEZSCLEZR eSS LR S LS
el e sg222338558¢
Transition Classes . . . .
The proposed approach, which combines different correlation coef-
FIGURE 5 ViolinPlot of explanatory variables ficients, allows for understanding both the linear and monotonic rela-

tionships between continuous variables and the categorical response,
complemented by a robust hypothesis test for differences between

groups.
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Pearson’s correlation measures the linear relationship between the
explanatory variables and the response variable. In both datasets, d_HCA
and d_B100, predominantly negative correlations were observed for sev-
eral variables. For instance, the variable FO_F0 showed a correlation of
-0.35in both d_HCA and d_B100, with extremely low p-values (2.49e-79
and 2.09e-81, respectively), indicating a significant inverse relationship
between this variable and class 1 of the response variable. This pattern
of negative correlation is also observed in other variables, such as FA_F0
and WA_FQ, suggesting that as the values of these variables increase, the
probability of belonging to class 1 decreases. These variables, therefore,
play an important role in distinguishing between the classes.

On the other hand, Spearman’s correlation, which evaluates mono-
tonic relationships between variables, showed patterns similar to those
of Pearson’s correlation in many cases. The difference is that, for some
variables, the Spearman correlation was slightly higher, which may sug-
gest that the relationship between these variables and the response is
not strictly linear but still monotonic. For example, the variable FA_FA
exhibited Spearman correlations of 0.18 in d_HCA and 0.26 in d_B100,
both statistically significant. This indicates that, although the relation-
ship is not strictly linear, higher values of FA_FA are associated with a
higher probability of belonging to class 1, and this association is stronger
in d_B100.

Regarding the Mann-Whitney U test, which assesses whether there
are significant differences between the distributions of variables for
classes 0 and 1, the results support the correlation findings. Many vari-
ables, such as FA_FA, FA_NV, FO_F0, and FO_HS, among others, presented
extremely low p-values (often below 1e-10), indicating that the distri-
butions of these variables differ significantly between the two classes.
This suggests that these variables are indicative of class separability, a
decisive aspect for building an effective classification model. The signif-
icant Pearson and Spearman correlations for these variables reinforce
this conclusion, indicating that they not only exhibit different distribu-
tions between classes but also have a consistent association with the
response variable.

Conversely, some variables did not show significant differences be-
tween classes, such as HS_F0 and NV_NV in d_B100. These variables, with
higher p-values (above 0.05), suggest that class separation is not well
defined by them, which may indicate that they are less useful for distin-
guishing between classes or that there is greater overlap in their value
distributions for classes O and 1. In some cases, Pearson and Spear-
man correlations are also low, supporting this interpretation. In d_HCA,
for instance, the variable NV_NV has a p-value of 1.80e-13 and a Spear-
man correlation of 0.13, indicating that while the correlation is not
strong, there is still some statistically significant but less pronounced
relationship compared to other variables.

When comparing the two datasets, d_HCA and d_B100, some subtle
differences can be observed in correlations and p-values. For several
variables, the p-values in d_B100 are slightly lower, as in the case of
FO_HS,FA_FA,and FA_NV, suggesting that the explanatory variables have
a more pronounced effect on class separation in d_B100. These differ-
ences may be attributed to variations in the variable distributions or

even structural differences between the two datasets. Similarly, some
correlations, such as that of FA_FA, are slightly stronger in d_B100, indi-
cating that this variable has a more robust relationship with the response
in that dataset. This behavior can be explored to assess how the char-
acteristics of the two datasets may influence predictive modeling and
potentially guide model adjustments.

In terms of class separability, the variables FA_FA, FA_NV, FO_F0, and
WA_FO0 stand out in both datasets, with extremely significant correlations
and p-values, suggesting that these variables are the main discriminant
factors between classes 0 and 1. Variables with higher p-values, such as
HS_WA and NV_NV, indicate lower discriminative power.

Therefore, the analysis of correlations and the Mann-Whitney U
test between the datasets d_HCA and d_B100 reveals that, although
some subtle differences exist in correlations and p-values, both datasets
contain variables with discriminative power for classes O and 1. These
variables are essential for constructing robust predictive models and for
improving the understanding of the relationships between explanatory
variables and the response.

An important observation is that a low correlation does not neces-
sarily imply irrelevance for the supervised learning model. In algorithms
such as Decision Trees (DT), non-linear interactions between attributes
and the response variable can capture patterns not evident from direct
correlations (Hastie et al), 2009). Therefore, even variables with weak
correlations are considered in the DT model. Another important point
is that the CART algorithm can handle complex interactions without
requiring explicit data transformations.

In conclusion of the descriptive and exploratory analysis, Pearson and
Spearman correlation tests were also conducted to investigate possible
correlations among explanatory variables (see Appendix B).

In the d_HCA dataset, Pearson correlations indicate weak relation-
ships among most variables, with some more expressive negative associ-
ations, such as between FA_FA and NV_NV (r ~ -0.45) and between FA_FA
and FA_NV (r =~ -0.36). Spearman correlations reinforce this trend, high-
lighting significant non-linear associations, especially among variables
related to the AG component. In the d_B100 dataset, Pearson corre-
lations also suggest predominantly weak relationships, though some
variables exhibit more evident structural dependencies. Spearman corre-
lations, which capture monotonic associations, indicate similar patterns,
suggesting that while relationships among some variables exist, they do
not necessarily follow a strictly linear behavior.

Overall, the analysis suggests that the variables exhibit a low degree
of collinearity, which can be advantageous for machine learning models
by reducing attribute redundancy.

4.2 | CART training and validation

After organizing the subsets, the training phase was conducted to iden-
tify the optimal hyperparameters for the model, as described in the
methodological section. The training tests yielded a maximum recall of
approximately 0.8815 for the d_HCA dataset and 0.0765 for d_B100. For

both datasets, the identified hyperparameters were as follows:
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® max_depth =7; d_B100 d_HCA
1.0 - 1.0
® min_samples_split = 32;
® min_samples_leaf = 13; 01 08
® min_impurity_decrease ~ 0.0051. 2 4 g
< 0.6 06
2 2
The final models for d_HCA and d_B100 were trained using the g 2
< 0.4 g 04
training-testing subsets, with the hyperparameters identified in the op- § é
timization stage. Subsequently, these models were evaluated using the 0.2 0.2
validation subsets, which had been previously separated and were not ) —— ROC(AUC = 0.80) ) —— ROC(AUC=0798)
00¥ 0.0+

used during training. This step is essential to assess the models’ perfor-
mance on entirely unseen data, ensuring their ability to generalize well.
The evaluation was based on classification reports (Table E), confusion
matrices (Figure B) and ROC-AUC curves (Figure [).

TABLE 6 Classification reports

d_HCA \ d_B100
Metric / Class Precision  Recall F1-Score \ Precision Recall F1-Score
0 (Non-erosion) 0.89 0.51 0.65 0.77 0.73 0.75
1 (Erosion) 0.61 0.92 0.73 0.69 0.73 0.71
Accuracy 0.69 0.73
Macro average 0.75 0.71 0.69 0.73 0.73 0.73
Weighted average 0.76 0.69 0.68 0.73 0.73 0.73
d_B100 d_HCA
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FIGURE 6 Confusion Matrices

The confusion matrices presented in Figure E are particularly valu-
able tools for visualizing the performance of classification models, allow-
ing a detailed examination of the predictions made on the validation set
(which was not included in the supervised learning training phase).

For the d_HCA dataset, the resulting configuration indicates that, al-
though the model was effective in identifying erosion cases (257 true
positives), it also produced a relatively high number of false positives
(167), incorrectly classifying many non-erosion cases as positive. For the
d_B100 dataset, the model performed better in avoiding false positives,
which is reflected in the higher number of true negatives. However, the
increase in false negatives (75) suggests that the model struggled to
correctly identify some erosion cases.

00 02 04 06 08 1.0 00 02 04 06 08 1.0
False Positive Rate False Positive Rate

FIGURE 7 ROC-AUC Curves

This difference between the confusion matrices of the two datasets
is crucial, as it implies that the d_HCA model may be more suitable in
situations where the precise identification of positive cases is critical,
even if this comes at the cost of more false positives.

As shown in Table ??, for the d_HCA dataset, the model achieved
a precision of 0.89 for the “Non-erosion” class and 0.61 for “Erosion,”
while for d_B100, the precision values were 0.77 and 0.69, respectively.
This slight decrease in precision for the erosion class in d_B100 sug-
gests greater difficulty in correctly classifying positive cases within this
dataset.

Recall is particularly relevant in this study, as it prioritizes the identi-
fication of positive cases. The d_HCA model achieved a recall of 0.92 for
the “Erosion” class, demonstrating its effectiveness in identifying most
true positive cases. In contrast, the d_B100 model reached a recall of
0.73. This difference indicates that, although both models were opti-
mized for recall, the d_HCA model performed clearly better in detecting
positive cases.

The F1-score, which combines precision and recall, yielded values of
0.73 for d_HCA and 0.71 for d_B100 in the “Erosion” class. This indicates
that, although the d_B100 model achieved higher precision for the “Non-
erosion” class, its ability to balance precision and recall for the positive
class was not as efficient as that of the d_HCA model. The overall ac-
curacy values were 0.69 for d_HCA and 0.73 for d_B100, reflecting the
models’ ability to correctly classify both positive and negative cases.

The AUC-ROC metric, which provides a broader view of model per-
formance, showed values of 0.79763 for d_HCA and 0.80446 for d_B100.
Although the AUC-ROC for d_B100 was slightly higher, this does not
necessarily translate into better performance in identifying positive
cases, as evidenced by the recall and F1-score results, as well as by the
confusion matrix. These results also demonstrate that both models were
able to generalize adequately to new data, confirming the validity of the
hyperparameter tuning and cross-validation process.

Although both models were trained with the same objective of
identifying positive cases, they exhibited significant differences in per-
formance metrics. The d_HCA model demonstrated superior capability
in identifying positive cases, reflected in its higher recall and better

F1-score, while the d_B100 model achieved higher overall accuracy.
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This analysis highlights the importance of hyperparameter selection
and the need to balance precision and recall for practical classification

applications.

5 | DISCUSSION

This section focuses on model interpretability through the visualization
of the resulting decision trees and the assessment of variable impor-
tance. Subsection @ discusses the model developed for the d_B100
dataset, while Subsection @ addresses the model based on the d_HCA
dataset. Beyond analyzing the structure of the trees and the relative
importance of each variable, this section aims to relate the observed
patterns to the studied phenomenon, emphasizing an interdisciplinary

interpretation supported by domain expertise.

5.1 | Datasetd_B100

The decision tree generated for the d_B100 dataset follows the same
hierarchical binary structure of CART models. Figure E illustrates the
resulting tree, where each internal node contains a splitting condition
and its associated Gini impurity, while the terminal nodes represent the
model predictions.

This tree contains nine internal nodes and six leaves. The root node
(#0) splits the data based on the FA_NV variable with a threshold value of
0.014, dividing instances into those with higher or lower proportions of
agricultural-to-non-vegetated transition. Subsequent splits rely on vari-
ables such as FA_FA and NV_NV, until the instances are classified into
erosion or non-erosion.

The analysis of variable importance (Figure E) highlights FA_NV as the
most influential predictor, with a relative importance of 1.0, accounting
for most of the variability explained by the model.

Other variables, such as FA_FA and NV_NV, also played relevant roles,
with relative importance values of 0.512 and 0.073, respectively. These
features contributed to the formation of subsequent splits, suggesting
that the model depends on them to refine predictions. Interestingly,
FO_F0, which was the most relevant variable in the d_HCA model, had
zero importance in this case.

As observed in the following model, most variables exhibited zero im-
portance, implying that they were not informative for tree construction.
The presence of many zero-importance features suggests that dimen-
sionality reduction might improve the model by removing irrelevant

predictors.

5.2 | Datasetd HCA

The tree generated by the CART technique for the d_HCA dataset also
presents a hierarchical structure of binary decisions, where each node
represents a question about an explanatory variable. The tree shown

in Figure has ten nodes, including the root node, which splits the

data according to the FO_FO variable (forest-to-forest transition) with a
threshold value of 0.048. This initial split separates instances with FO_F0
values higher or lower than this threshold.

Subsequent nodes further divide the data based on other vari-
ables such as FA_NV (agricultural-to-non-vegetated transition), FA_FA
(agricultural-to-agricultural), and NV_NV (non-vegetated-to-non-
vegetated), until all instances are classified into one of the two final
categories: erosion or non-erosion. Some terminal nodes present low
Gini impurity values (e.g., node #6), indicating purer splits and higher
classification confidence.

The variable importance analysis for this CART model (Figure @)
shows that FO_FO0 is the most influential variable, with a relative impor-
tance of 1.0, accounting for most of the variability explained by the
model. The variable FA_NV follows with a relative importance of 0.626,
making it the second most relevant predictor for erosion classification.

Other variables, such as FA_FA and NV_NV, showed lower relative
importance values (0.163 and 0.089, respectively). Although these fea-
tures contribute to some splits, their influence is minor compared to
FO_FO0 and FA_NV. From a geomorphological standpoint, forested ar-
eas (FO_F0) tend to inhibit erosion processes, while transitions from
agricultural to non-vegetated areas (FA_NV) are more prone to erosion
development.

The remaining variables exhibit zero importance, indicating that they
did not significantly influence the model’s decision process. Given that
all land-use types have some conceptual relationship with erosion,
this behavior likely reflects insufficient variability in those features to

meaningfully contribute to classification.

5.3 | Comparative analysis

The training-testing and validation split strategy was essential to ensure
model robustness. During training, a five-fold cross-validation proce-
dure was used, providing a more reliable tuning of hyperparameters.
Consequently, the CART decision tree was optimized using Randomized-

SearchCV, with the following parameters:

max_depth = 7;
min_impurity_decrease =~ 0.005;

min_samples_leaf = 13;

min_samples_split = 32.

These hyperparameters were consistent across both datasets, sug-
gesting that the underlying land-use transition patterns share similar
characteristics, even though the magnitude of their effects differs be-
tween datasets. The final evaluation was conducted using an external
validation set, unseen during training, ensuring an unbiased estimate of
model performance on new data.

The choice of recall as the primary evaluation metric was motivated
by the aim to correctly identify erosion-prone areas, prioritizing the de-
tection of positive cases. Under this criterion, the d_HCA model achieved
a recall of 0.885, while the d_B100 model reached 0.706, indicating

139
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node #0
FA_NV <= 0.014
gini = 0.5
samples = 2474
value = [1237.0, 1237.0]
class = Non-Erosion

Tru/

node #1
FA FA <= 0.47
gini = 0.406
samples = 1327
value = [912.288, 359.774]
class = Non-Erosion

/

N

node #3
NV_NV <= 0.027
gini = 0.494
samples = 684
value = [376.557, 299.811]
class = Non-Erosion

VAN

node #4
gini = 0.484
samples = 638
value = [369.281, 257.616]
class = Non-Erosion

FIGURE 8 Decision tree - d_B100
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FIGURE 9 Variable importance - d_B100

superior performance of the hydrological contributing area-based ap-
proach. This result suggests that using a hydrologically defined spatial
unit is more effective for predicting erosion susceptibility.

Nse

node #6
FA_FA <= 0.267
gini = 0.394
samples = 1147
value = [324.713, 877.226]
class = Erosion

\

/

node #7
gini = 0.5
samples = 378
value = [184.64, 194.322]
class = Erosion

Although the d_B100 model achieved slightly higher precision and
AUC-ROC values, its F1-score was lower. The weighted precision av-
erages were comparable across models (0.76 for d_HCA and 0.73 for
d_B100), reflecting balanced overall performance.

From an interpretative standpoint, the most influential variables for
erosion classification in both models were FA_NV and FA_FA. These
land-use transitions—agricultural-to-non-vegetated and agricultural-to-
agricultural—are strongly associated with erosion-prone conditions,
highlighting their significance in the predictive process. The FA_NV vari-
able, in particular, had the highest relative importance in both datasets,
reinforcing its key role in erosion susceptibility.

The FO_FO variable (forest-to-forest) exhibited similar descriptive
statistics across datasets, with mean and standard deviation values of
0.14 and 0.32 for d_HCA, and 0.13 and 0.30 for d_B100. Despite this
similarity, its importance varied considerably: it was the most relevant
predictor in d_HCA, but non-influential in d_B100. This is noteworthy
since the violin plots revealed similar distributions for this variable in
both datasets—values concentrated near zero, as expected for urban
census sectors where forest persistence is minimal.

While the higher recall of the d_HCA model suggests stronger pre-
dictive capacity, the d_B100 decision tree still performed reasonably
well, with recall and F1-score values around 0.70. This indicates that the
model successfully captured relevant spatial patterns, even under less
favorable conditions. Both models demonstrated good discriminative
ability, with AUC-ROC values of 0.79763 and 0.80446 for d_HCA and
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node #2
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FIGURE 10 Decision tree - d_HCA
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d_B100, respectively, confirming their capability to distinguish erosion

from non-erosion cases.

samples = 853
value = [397.477, 461.932]
class = Erosion

value = [94.594, 124.366]
class = Erosion

N\

CONCLUSIONS

6 |

This study aimed to analyze the relationship between land-use transi-
tions and erosion occurrence in urban areas. The proposed approach
allowed for the evaluation of which data structure provides better per-
formance for erosion prediction while preserving model interpretability.
This strategy proved essential for validating the innovative methodology
proposed in this work, which introduces the use of the hydrologi-
cal contributing area as an alternative to the traditional buffer-based
approach.
The construction of the datasets required extensive work in a GIS
environment. The frequency-based encoding — where each variable rep-
resents the relative proportion of a specific land-use transition within a
given area — enabled direct comparison between different regions and
datasets.
Overall, the decision tree approach proved to be an effective and
interpretable tool for analyzing land-use transition data in relation to
05 erosion processes. Land-use transition variables play a central role
in determining erosion patterns, and their interpretation enables the
identification of key factors driving these processes. The strong recall
performance also indicates that the models are capable of correctly de-
tecting erosion-prone areas, a crucial aspect for urban management and
planning.
The comparison between the two dataset structures not only en-
abled the identification of the most suitable configuration for model

integration but also provided a solid foundation for future research.
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Although the hydrological contributing area (HCA) structure showed su-
perior capability in identifying positive erosion cases, the 100-meter
buffer approach exhibited a more balanced predictive performance

across classes.

6.1 | Future Work

Building upon the results obtained in this study, several research direc-
tions can be pursued to enhance performance while maintaining model
interpretability. Given that land-use transition data are often sparse
and high-dimensional, refining data preprocessing strategies represents
an important direction for future work. Techniques such as feature se-
lection, data augmentation, or dimensionality reduction (e.g., Principal
Component Analysis) could be applied to improve model generalization
and reduce noise without compromising interpretability.

Another potential avenue involves exploring alternative modeling
techniques. While the decision tree method proved effective and in-
terpretable, testing additional algorithms—such as Random Forests,
Gradient Boosting, or Explainable Neural Networks—could improve per-
formance and robustness, particularly in handling complex, non-linear
relationships between land-use transitions and erosion occurrence.

Finally, the use of hybrid modeling approaches combining super-
vised learning with rule-based or heuristic systems could offer a balance
between predictive power and transparency. For instance, ensemble
or stacking frameworks could leverage the strengths of multiple algo-
rithms while maintaining interpretability through an auxiliary decision
tree layer.

Overall, these perspectives aim to advance both the methodological
framework and the scientific understanding of how land-use transitions
influence erosion processes in urban contexts. Continued refinement of
these models will be crucial to ensure that predictive outcomes remain
both accurate and interpretable, supporting decision-making processes

in risk management and territorial planning.
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the analysis, the processed input files, and the resulting maps from the
modeling and validation stages.

The material is available at:

https://github.com/tatianeolivatto/TCC_USP_TFQ
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APPENDIX

A CORRELATIONS MATRICES

Pearson and Spearman correlation matrices of explanatory variables for
d_HCA and d_B100:

Figure @ - Pearson Correlation Matrix - d_HCA;

Figure E - Spearman Correlation Matrix - d_HCA;

Figure E - Pearson Correlation Matrix - d_B100;

Figure @ - Spearman Correlation Matrix - d_B100.
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FIGURE A1 Pearson Correlation Matrix - Explanatory Variables (d_HCA).
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FIGURE A2 Spearman Correlation Matrix - Explanatory Variables (d_HCA).
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FIGURE A3 Pearson Correlation Matrix - Explanatory Variables (d_B100).
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FIGURE A4 Spearman Correlation Matrix - Explanatory Variables (d_B100).
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