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RESUMO

Impulsionados pela tectônica, clima e/ou atividade humana, os deslizamentos de terra são oni-
presentes. Este fenômeno é uma das principais ameaças ao desenvolvimento econômico e social
das zonas montanhosas, muitas vezes resultando em vítimas e consequências econômicas. O
mapeamento de suscetibilidade a deslizamentos é considerado uma importante ferramenta para
os gestores locais localizarem as áreas que possuem maior probabilidade de ocorrência de eventos
e pensarem em estratégias de redução de risco. O Modelo Digital de Terreno (MDT) é um dos
dados fundamentais para os modelos de predição e é usado para derivar importantes fatores con-
dicionantes para análises de suscetibilidade de deslizamento em escala detalhada. Desse modo,
a utilização de técnicas de Sensoriamento Remoto e Fotogrametria, usando as tecnologias de
varredura a LASER (Light Detection and Range - LiDAR) e de imageamento por Veículo Aéreo
Não-Tripulado (VANT), podem impulsionar esse levantamento, produzindo dados de altíssima
resolução. Nesse sentido, este estudo teve como objetivo comparar mapas de suscetibilidade a
deslizamentos gerados pelo algoritmo de aprendizado de máquina floresta aleatória (Random
Forest - RF) com dados de LiDAR e VANT. Para tanto, o desempenho alcançado na previsão foi
avaliado usando medidas de avaliação estatística baseadas em conjuntos de dados de treinamento
e validação. Os resultados obtidos mostraram que a precisão de ambos os modelos é maior que
0,70, a área sob a curva (AUC) é maior que 0,80, e o modelo gerado a partir dos dados LiDAR é
mais preciso. Os resultados também mostraram que os dados do VANT têm potencial para uso
no mapeamento de suscetibilidade a deslizamentos em escala intraurbana, contribuindo para
estudos em áreas de risco sem dados disponíveis.

Palavras-chave: floresta aleatória; modelo de suscetibilidade a deslizamentos; MDT; LiDAR;
VANT.



PEREIRA, F.F. Comparison of LiDAR and UAV derived data for landslide susceptibility using
Random Forest algorithm. Dissertation. São José dos Campos: São Paulo State University
(Unesp), Institute of Science and Technology; National Center for Monitoring and Early Warning
of Natural Disasters (Cemaden), 2022.

ABSTRACT

Driven by tectonics, weather and/or human activity, landslides are ubiquitous. This phenomenon
is one of the main threats to the economic and social development of mountainous areas, often
resulting in victims and economic consequences. The landslide susceptibility mapping is conside-
red an important tool for local managers to locate the most vulnerable areas and think about risk
reduction strategies. The Digital Terrain Model (DTM) is one of the fundamental modeling data
and is used to derive important conditional factors for detailed scale landslide susceptibility
analyses. Thus, the use of Remote Sensing and Photogrammetry techniques, using LASER (Light
Detection and Range - LiDAR) and Unmanned Aerial Vehicle (UAV) imaging technologies, can
boost this survey, producing data of very high resolution. In this sense, this study aimed to
compare landslide susceptibility maps generated by the Random Forest (RF) machine learning
algorithm with LiDAR and UAV data. To this end, the performance achieved in the prediction
was evaluated using statistical evaluation measures based on training and validation data sets.
The results obtained showed that the accuracy of both models is greater than 0.70, the area
under the curve (AUC) is greater than 0.80, and the model generated from LiDAR data is more
accurate. The results also showed that UAV data have potential for use in mapping landslide
susceptibility on an intra-urban scale, contributing to studies in risk areas without available data.

Keywords: random forest; landslide susceptibility model; DTM; LiDAR; UAV
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1 INTRODUÇÃO

Um deslizamento de terra é um fenômeno natural em que o material em uma encosta
é movido para baixo devido à gravidade e outros fatores externos. Impulsionados pela tectô-
nica, clima e/ou atividade humana, os deslizamentos de terra são onipresentes em qualquer
ambiente terrestre inclinado (FROUDE; PETLEY, 2018). São fenômenos naturais extrema-
mente complexos capazes de causar danos significativos às pessoas, propriedades e redes de
transporte (ABDULWAHID; PRADHAN, 2017).

Em um contexto global, o fenômeno é uma das principais ameaças ao desenvolvimento
econômico e social das zonas montanhosas. Segundo o Centro de Pesquisas de Epidemiologia em
Desastres (CRED) e a Estratégia Internacional de Nações Unidas para a Redução de Desastres
(UNISDR) (2018), entre 1900 e 2017 cerca de 130.000 pessoas perderam a vida por causa de
deslizamentos de terra e inundações. Ademais, conforme os resultados estatísticos do Banco
Mundial (2005) a perda econômica causada por deslizamentos de terra é de cerca de US$ 20
bilhões por ano e 300 milhões de pessoas vivem em áreas propensas a tais eventos (KAO; CHIU;
TSAI, 2017).

No Brasil, os desastres provocados por deslizamentos geralmente são associados a
períodos de precipitação intensa e, principalmente em regiões montanhosas e serranas, onde
predomina clima úmido, com relevos colinosos e/ou tabulares, além de um expansivo processo
de urbanização (PICHLER, 1957). Os municípios brasileiros com situações consideradas de
alto e muito alto risco perante enchentes, enxurradas e deslizamentos, estão situados no Rio de
Janeiro, Bahia, São Paulo e Pernambuco (SANTOS, 2012).

Na Serra do Mar, que é uma das feições orográficas mais proeminentes do litoral sul e
sudeste do país medindo 1.500 km de extensão, foi palco de grandes eventos de deslizamentos
como o de Santos em 1928, Caraguatatuba em 1967 e Cubatão em 1985; (PICHLER, 1957;
LISTO; VIEIRA, 2012; LISTO; GOMES; FERREIRA, 2021). Nota-se que entre 1990 e 2012,
os deslizamentos tiveram uma grande variação, aumentando em 21,7 vezes, e a maioria dos
óbitos situaram-se na região sudeste (CEPED, 2013).

O município de Santos, situado no litoral do estado de São Paulo, possui áreas de
morro residuais que apresentam intensa ação do intemperismo químico e físico. Nessas áreas
ocorreram vários deslizamentos catastróficos, como o ocorrido em 1928 e em 1956 (PICHLER,
1957). Esses desastres motivaram a realização de um amplo trabalho de contenção das encostas
e monitoramento da situação geomórfica nos morros santistas, porém a expansão da urbanização
nessas áreas intensifica problemas estruturais em relação aos desastres de deslizamentos na
região.

No intuito de reduzir o risco de desastres, em 1989 teve início a operação do Plano
Preventivo de Defesa Civil (PPDC) do município, o qual se mostrou muito eficiente visto a
queda expressiva nos números de óbitos do município (FERREIRA, 2016). Em 2005 o primeiro
Plano Municipal de Redução de Riscos (PMRR) de Santos foi elaborado (CANIL, 2010). Sendo
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atualizado em 2012 com medidas de prevenção e correção para eliminar ou reduzir os riscos
geológico que incluem deslizamentos (FERREIRA; ABIKO, 2019). Dessa forma, o mapeamento
de suscetibilidade a deslizamentos desempenha um papel importante no desenvolvimento de
medidas preventivas, pois visa indicar a probabilidade de ocorrência de processos naturais e
induzidos (CARVALHO; GALVÃO, 2016).

Para o mapeamento da suscetibilidade a deslizamento diversas metodologias já foram
aplicadas, as quais podem ser dividas em qualitativas e quantitativas (XIE et al., 2018). Análises
qualitativas são baseadas em julgamentos de especialistas sobre fatores condicionantes a desli-
zamentos. Enquanto que, em abordagens quantitativas, são utilizadas as relações matemáticas
entre locais de deslizamentos e fatores casuais (NEUHÄUSER; DAMM; TERHORST, 2012).
As abordagens quantitativas tem se destacado nos últimos anos, com a utilizacao de dados de in-
ventário e dados morfométricos de cicatrizes de deslizamentos já ocorridos devido a perfomance
obtida (LIU et al., 2021; YOUSSEF; POURGHASEMI, 2021).

Os modelos estatísticos usados para a análise de suscetibilidade à deslizamentos
tornaram-se, dentre os modelos quantitativos, um dos métodos mais utilizados para este tipo de
análise, pois baseiam-se na relação funcional entre os fatores condicionantes aos deslizamentos
e os deslizamentos pré-existentes. Tais modelos possibilitam determinar o peso das variáveis
envolvidas e, também, a validação dos resultados (ZÊZERE et al., 2017). Este modelo utiliza
diferentes técnicas estatísticas clássicas como, técnicas probabilísticas, Regressão Logística,
Índice Estatístico, Razão de Frequência e Fator de Certeza (LEE; MIN, 2001; WU et al., 2016;
ZHAO et al., 2015; PIRASTEH; LI, 2017; JULIEV et al., 2019). Porém, os métodos estatísticos
exigem a coleta de grandes quantidades de dados para produzir resultados confiáveis (YILMAZ,
2009).

Os métodos baseados em apredizado de máquina, conceitualmente, aprendem com os
dados e não dependem de funções baseadas em regras. Se tratando de relações não lineares os
dados podem ser modelados de forma eficaz de acordo com o método adotado. Estes métodos
mostram-se superiores aos métodos estatísticos clássicos em detrimento da maior capacidade de
precisão de previsão. O uso de métodos de aprendizado de máquina para aprimorar o mapeamento
tem sido cada vez mais utilizado nos últimos anos a partir de técnicas como Redes Neurais
Artificiais (do inglês, Artificial Neural Networks - ANN) (HUANG et al., 2020a; HUANG et
al., 2020b; LUO et al., 2019), máquina de vetor de suporte (do inglês, Support Vector Machine -
SVM) (WANG; DUAN; HONG, 2019; HUANG; ZHAO, 2018), floresta aleatória (do inglês,
Random Forest - RF) (ARABAMERI et al., 2020; CHEN et al., 2018; FANG et al., 2021), árvore
de decisão (do inglês, Decision Tree - DT) (PHAM et al., 2019; HUANG et al., 2020b).

Dentre os algoritmos de aprendizado de máquina, o algoritmo RF destaca-se por sua
capacidade de processar dados massivos, que podem ser categóricos ou numéricos, possibilitando
a obtenção de altos valores de precisão na modelagem de suscetibilidade a deslizamentos (SHIR-
VANI, 2020). Este método usa estimativa imparcial na construção do modelo, o que significa
que o treinamento é rápido e simples de implementar (RODRIGUEZ-GALIANO et al., 2012). O
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algoritmo mostrou-se uma técnica de alto desempenho com aplicações para o mapeamento de
suscetibilidade a deslizamentos (CHEN et al., 2017; TAALAB; CHENG; ZHANG, 2018; PARK;
KIM, 2019; DOU et al., 2019). Dou et al. (2019) expuseram que, em geral, o RF demostrou
melhor desempenho em ambas as amostras com Area Under the Curve (AUC) > 0,9. em relação
o DT para mapear a suscetibilidade ao deslizamento de terra induzida pela chuva em escala
regional no Japão. Youssef e Pourghasemi (2021) realizaram uma análise com sete métodos
de aprendizado de máquina para a modelagem de suscetibilidade a deslizamento de terra e a
comparação de seus desempenhos e resultados mostraram que o RF foi um dos métodos que
produziu melhor desempenho em comparação aos outros, obtendo precisão igual a 95,1%.

Diante da complexidade dos eventos de deslizamento de terra, além das implementações
de técnicas avançadas de aprendizado de máquina, a qualidade dos dados de entrada é um fator
determinante para o desempenho dos modelos (LIMA; STEGER; GLADE, 2021). Nos modelos
de predição, os dados de entrada são fatores condicionantes que, em sua maioria, são derivados
de um Modelo Digital de Elevação (MDE), os quais podem ser obtidos a partir de diversas fontes
como: a digitalização de mapas topográficos, técnicas de Sensoriamento Remoto (SR) (SALEEM
et al., 2019). Porém para uma escala detalhada regional é adequado o uso de modelos digitais de
terreno (MDT) para que artefatos não sejam considerados na modelagem da superfície.

Atualmente, vários MDEs estão disponíveis gratuitamente (por exemplo, Shuttle Radar
Topographic Mission (SRTM); Advanced Spaceborne Thermal Emission and Reflection (AS-
TER) (RABBY; ISHTIAQUE; RAHMAN, 2020), esses possuem resolução espacial que podem
ser consideradas apropriadas para a análise em escalas pequenas e médias, mas é demasiadamente
grosseira para trabalhos em escala de detalhe. Além disso esses modelos foram obtidos há mais
de duas décadas, podendo comprometer a capacidade de previsão do modelo (HAWKER et al.,
2018). Em visto disso faz-se necessário o estudo com MDTs atuais e com alta resolução espacial
(menor que 1 metro).

Considerando o desenvolvimento e o avanço da tecnologia, as técnicas de SR, como a
fotogrametria e técnicas de varredura a LASER1, denominado aqui como Light Detection And
Ranging (LiDAR) podem produzir dados com resolução espacial sub-métrica. Essas técnicas
podem ser usadas para dar suporte a modelos de previsão de deslizamento em escala detalhada,
aplicados a áreas específicas de declividade, para refinar mapas de suscetibilidade a deslizamentos
de mesoescala produzidos usando bancos de dados gratuitos ou MDEs derivados de mapas
topográficos como base para a área.

O uso da tecnologia LiDAR está se tornando cada vez mais popular, estudos recentes
têm mostrado a utilidade de dados topográficos derivados de LiDAR para mapeamento de áreas
suscetíveis a deslizamentos e inventários de deslizamentos. Gaidzik et al. (2017), ao usarem
MDTs derivados de LiDAR, alcançaram alta precisão, conforme evidenciado pela precisão geral
das previsões com valores de AUC entre 0,77 e 0,87. Gorsevski (2021) ao implementar uma

1Palavra inglesa, do acrônimo Light Amplification by Stimulated Emission Radiation que significa amplificação
de luz por emissão estimulada de radiação (raio LASER).
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abordagem evolutiva usando classificação simbólica com programação genética, o potencial de
previsão espacial da suscetibilidade ao deslizamento foi examinado e obteve-se uma precisão de
85,0%, classificando um total de 13,4% como regiões de alta suscetibilidade, com uma precisão
quantitativa geral exponencial correspondente para 0,9082.

Pesquisas recentes utilizando-se de produtos cartográficos produzidos a partir da tecno-
logia de Veículo Aéreo Não-Tripulado (VANTs) evidenciaram a produção de dados altamente
detalhados, pois a tecnologia é capaz de fornecer imagens com alta resolução espacial e uma
densa nuvem de pontos com coordenadas tridimensionais. Ademais, ela proporciona imagea-
mento de eventos temporais, flexibilidade de trajetória de voo e o acoplamento de diferentes
sensores para a captação de uma grande variedade de dados de interesse, especialmente em ambi-
entes perigosos e de difícil acesso (COLOMINA; MOLINA, 2014; BERNARDO; PALAMARA;
BOIMA, 2021). Os dados obtidos por VANT estão cada vez mais presentes no monitoramento
e gestão de desastres naturais (GIORDAN et al., 2017; GOMEZ; PURDIE, 2016), suscetibili-
dade a desastres geológicos (WANG et al., 2020), suscetibilidade a deslizamentos (TEMPA et
al., 2021; GANTIMUROVA; PARSHIN; EROFEEV, 2021), monitoramento e mapeamento de
deslizamentos (GIORDAN et al., 2018; PEPPA, 2018), e avaliação de deslizamento (SESTRAS
et al., 2021; EKER; AYDIN; HÜBL, 2018; EKER; AYDIN, 2021).

Neste contexto, observa-se que os dados de VANT têm sido amplamente utilizados para
fins de estudos de deslizamentos (PEPPA, 2018; EKER; AYDIN; HÜBL, 2018; SESTRAS et
al., 2021). No entanto, devido a natureza do processo fotogramétrico, existem limitações no que
tangem a modelagem de regiões com cobertura vegetal densa, o que pode impactar a geração
de modelos nestas regiões (HAWKER et al., 2018). A ocupação extensiva das encostas agrava
ainda mais o problema pois dificulta o imageamento e a modelagem do terreno. Esta condição é
comum nas regiões montanhosas de centros urbanos do Brasil, levando a problemas geológicos
e hidrológicos com consequências catastróficas (MODENESI-GAUTTIERI; HIRUMA, 2004).

Portanto, embora existam alguns trabalhos utilizando dados de LiDAR e VANTs para
mapeamento de suscetibilidade a deslizamentos, até o momento poucos estudos aplicaram um
método para comparar mapas de suscetibilidade a deslizamentos obtidos a partir de dados
derivados dessas duas técnicas de levantamento. Diante disso, surge a hipótese de que, em
modelos de suscetibilidade a deslizamentos, os dados de VANT podem render bons resultados
comparados aos dados de LiDAR.

Nesse sentido, este trabalho tem como objetivo a comparação dos dois modelos de
mapeamento de suscetibilidade a deslizamentos usando algoritmo de RF gerado a partir da
tecnologia LiDAR e VANT para verificar se os dados derivados de VANT podem atingir precisão
compatível com dados derivados de LiDAR.

Assim, essa pesquisa contribui para avaliar a capacidade dos dados de VANT para
realizar estudos de suscetibilidade a deslizamentos na ausência de dados de escala mais detalhada.
Este documento encontra-se organizado da seguinte forma: o Capítulo 2 apresenta o artigo
“Comparison of LiDAR and UAV derived data for landslide susceptibility mapping using Random
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Forest algorithm” e o Capítulo 3 aborda as considerações finais do presente trabalho.
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2 ARTIGO

2.1 Artigo ”Comparison of LiDAR and UAV derived data for landslide susceptibility
mapping using Random Forest algorithm”

O artigo a seguir foi submetido para apreciação do corpo editorial do periódico LANDS-
LIDES em 16 de junho de 2022.
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Abstract

Earthquakes, extreme rainfall, or human activity can all cause land-
slides. Several landslides occur each year around the world, often
resulting in casualties and economic consequences. Landslide suscepti-
bility mapping is considered to be the main technique for predicting
the likelihood of an event based on the characteristics of the physical
environment. Digital Terrain Model (DTM) is one of the fundamental
data of modeling and is used to derive important conditional fac-
tors for detailed-scale landslide susceptibility analyses. With this in
mind, this study aimed to compare landslide susceptibility maps gen-
erated by Random Forest (RF) machine learning algorithm with data
from Light Detection and Range (LiDAR) and Unmanned Aerial Vehi-
cle (UAV). To this end, the performance achieved in prediction was
evaluated using statistical evaluation measures based on training and
validation datasets. The obtained results showed that the accuracy of
both models is greater than 0.70, the area under the curve (AUC) is
greater than 0.80, and the model generated from the LiDAR data is
more accurate. The results also showed that the data from UAV have
potential to use in landslide susceptibility mapping on an intra-urban
scale, contributing to studies in risk areas without available data.

Keywords: Random Forest, Landslide Susceptibility Model, DTM, LiDAR,
UAV

1 Introduction

Landslides can be triggered by earthquakes, extreme precipitation, or human
activities and are highly complex natural phenomena that can cause significant
damage to people, property, and transportation networks (Saro et al, 2016).
Annually, several landslide events occur worldwide, often resulting in the loss
of human life and economic consequences (Froude and Petley, 2018; Chen et al,
2019).

The mapping of areas susceptible to landslides and knowledge of the mech-
anisms of the event are essential tools to assist in urban planning (Abdulwahid
and Pradhan, 2017) and to support decision-making in situations of critical
events (Tien Bui et al, 2017). In this sense, researchers focus on predicting
locations of future landslide events to mitigate disasters (Dou et al, 2019) and
identify priority areas for the installation of early warning systems and propose
the reorganization of urban space (Aditian et al, 2018).

The landslide susceptibility mapping is considered a primary procedure
to predict the probability of occurrence of landslides based on the spatial
distribution of conditioning factors related to the characteristics of the physical
environment (topographic and geomorphological factors), triggering factors,
and human activities existing in the region (Chen et al, 2018; Wang et al,
2015). However, for susceptibility modeling, the landslide inventory and the
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conditioning factors of a given area are essential data (Gaidzik and Ramı́rez-
Herrera, 2021).

Susceptibility models are increasingly employing morphometric data from
landslide scars or inventories (Tien Bui et al, 2017; Liu et al, 2021; Youssef and
Pourghasemi, 2021). The development of quantitative methods makes statisti-
cal models (bivariate and multivariate) the most used method for this type of
analysis, as they allow determining the weight of each conditioning factor and
verifying the results. One example is Logistic Regression (RL), which is widely
used successfully in landslide susceptibility mapping work (Saro et al, 2016;
Tsangaratos and Ilia, 2016; Du et al, 2017). With fewer statistical constraints,
machine learning techniques have been applied in landslide susceptibility stud-
ies, such as Support Vector Machines (SVMs) (Pourghasemi et al, 2013; Peng
et al, 2014; Dou et al, 2019; Zhao and Zhao, 2021), Artificial Neural Net-
works (ANN) (Park et al, 2013; Saro et al, 2016; Aditian et al, 2018; Shahri
et al, 2019), Decision Trees (DT) (Althuwaynee et al, 2014; Shirzadi et al,
2018; Dou et al, 2019) and Random Forest (RF) (Youssef et al, 2016; Park
and Kim, 2019; Hong et al, 2019; Abu El-Magd et al, 2021).

Due to the complex nature of landslide events, it is difficult to predict them.
One of the problems is that the quality of the input data directly influences
susceptibility predictive models. Most of the time, the prediction model uses
conditioning factors derived from a Digital Elevation Model (DEM), which may
not be suitable for detailed scale mapping (Pradhan and Sameen, 2017). In
this case, the Digital Terrain Model (DTM) is an essential attribute to deriving
several significant conditioning factors used in susceptibility analysis (Brock
et al, 2020). DTM can provide all geomorphic features such as slope, aspect,
curvature, and hydrological resources, such as the Topographic Wetness Index
(TWI) and the Stream Power Index (SPI). Due to DTM factors, the prediction
accuracy of the Landslide Susceptibility Model (LSM) is highly dependent on
the resolution of the DTM (Chen et al, 2020; Brock et al, 2020; Abraham et al,
2021; Gaidzik and Ramı́rez-Herrera, 2021).

There are different techniques for generating DEM, such positioning on the
earth’s surface, digitizing of topographic maps, or Remote Sensing (SR) tech-
niques (Saleem et al, 2019). The freely available DEMs are derived from SR
techniques, having a horizontal resolution of 30 meters. The fact that these
models were obtained more than two decades ago can also impair the prediction
capacity (Hawker et al, 2018). The use of SR techniques and Photogram-
metry, using Light Detection and Range (LiDAR) and imaging technologies
using Unmanned Aerial Vehicle (UAV), together with image processing and
computer vision techniques, become essential to obtaining a high-resolution
DTM (< 1 meters). Centimeter-scale LiDAR-derived DTM improves landslide
susceptibility mapping, increasing accuracy in identifying high and very high
susceptibility zones (Gaidzik et al, 2017; Reichenbach et al, 2018; Gaidzik and
Ramı́rez-Herrera, 2021).

The use of LiDAR technology to study landslides is becoming increasingly
popular as LiDAR pulse can penetrate tree cover to obtain ground elevation,
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thus providing more detail on the microtopography of the study area (Miner
et al, 2010; Abdulwahid and Pradhan, 2017; Lin et al, 2013). LiDAR technology
has been successfully used not only in landslide detection and mapping (Trig-
ila et al, 2015; Mora et al, 2015; Niculiţă et al, 2016; Niculiţǎ, 2016; Gaidzik
and Ramı́rez-Herrera, 2021) but also in sliding dynamics and hazard assess-
ment (Haas et al, 2012; Abdulwahid and Pradhan, 2017; Liu et al, 2019;
Jena et al, 2020). Centimeter-scale LiDAR-derived DTM improves landslide
susceptibility mapping, increasing accuracy in identifying high and very high
susceptibility zones (Reichenbach et al, 2018; Gaidzik et al, 2017; Gaidzik and
Ramı́rez-Herrera, 2021).

In the same way, due to the technological development of autonomous
driving systems, high-quality digital cameras, micro GNSS trackers, and
advances in lightweight carbon fiber airframes, the use of UAVs for research
purposes has become increasingly common (Nebiker et al, 2016; Sestras
et al, 2021), allowing to collect of data for large-scale land assessment in
a cost-effective and relatively inexpensive way at large scales, which was
not previously available (Colomina and Molina, 2014; Hosseinalizadeh et al,
2019; Bernardo et al, 2021). Applications of the data obtained from UAVs
range from archaeological (Fernández-Hernandez et al, 2015; Campana, 2017)
and geological (Saroglou et al, 2018) research, monitoring and modeling of
urban areas (Huang et al, 2021), monitoring and management of natural
hazards (Giordan et al, 2017; Gomez and Purdie, 2016), monitoring and
landslide mapping (Giordan et al, 2018; Peppa, 2018), and landslide assess-
ment (Ramı́rez-Herrera and Gaidzik, 2017; Sestras et al, 2021; Eker et al, 2018;
Eker and Aydın, 2021).

Considering the ease of use of UAV technology and its potential, since
it allows mapping, at low cost, areas with a high spatial and temporal res-
olution (Colomina and Molina, 2014), the data derived from this technology
have been widely used for landslide studies (Sestras et al, 2021; Eker et al,
2018; Eker and Aydın, 2021). The UAV data can be used to support land-
slide prediction models at a detailed scale, applied in specific regions of slope
to refine the maps of susceptibility to mass movement available on a medium
scale, which were made using DEM base from accessible databases or regional
topographic maps. However, its use to map the terrain in dense vegetation
cover is hampered due to the lack of exposed terrain surface (Hawker et al,
2018). This problem can be further aggravated due to the extensive occu-
pation of the slopes of the hills. This situation is common in mountainous
regions of Brazil, giving rise to geo-hydrological problems with catastrophic
consequences (Modenesi-Gauttieri and Hiruma, 2004).

Thus, although there are works related to landslide susceptibility map-
ping using LiDAR and UAV-derived data, up to this time, few studies have
applied an approach that compares the landslide susceptibility maps obtained
using data derived from these two technologies. Considering this comparison,
a question was raised: Among the products generated from LiDAR and UAV
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technologies, in susceptibility models, UAV technology data manages to obtain
good results due to its limitation?

In this regard, aiming to contribute to the abovementioned issue, this
paper compares landslide susceptibility maps obtained by the Random Forest
machine learning algorithm from LiDAR and UAV-derived data. For that, the
performances obtained in the predictions were evaluated using statistical eval-
uation measures, such as receiver operating characteristic curve (ROC), the
AUC, and F1-Score, based on training data sets and validation.

This investigation is fundamental to evaluating the capacity of UAV data
for landslide susceptibility studies in hillside areas without more detailed scale
data, considering the low cost and time for data acquisition.

2 Study area and Data Preparation

2.1 Study area and landslide inventory

The study area for the experiment is located in the municipality of Santos
(Figures 1c), which has an important history of landslides, including recent
events, as seen in Table 1.

Table 1 Mass movement events of great magnitude in the history of the Municipality of
Santos. Source (Sao Paulo, 1988).

Year Socioeconomic Consequences Processes

1928

80 deaths
8 buried houses
Destruction of part of the
Santa Casa de Santos hospital

Landslides mobilizing around 130,000 m²
on the slopes of Monte Serrat

1950 3 deaths and several injuries Landslides on the slope of Monte Serrat

1956
21 deaths and dozens injured
50 houses destroyed

Several landslides on the Santa Terezinha
and Monte Serrat hills

1956
43 deaths
100 houses partially or totally destroyed

Landslides in Santos and
São Vicente (neighboring municipality)

1959 5 deaths Landslides in Santos
1978 100 people hit, 4 deaths (January) Landslides in Monte Serrat and Vila Progresso
1978 11 deaths and several injured (March) Landslide in Morro Jabaquara and Nova Cintra
1979 13 deaths Landslides in Santos

1988
1 death
166 homeless
21 homes banned

Landslides in 34 points in the cities of Santos
and São Vicente

The municipality of Santos, situated in the Baixada Santista region in
the state of São Paulo, Brasil (Figure 1a and 1b), is located at latitude
23°56’27” S and longitude 45°19’48” W. Its area comprises 280,674 km2 and
an estimated population of 430,000 inhabitants, of which 419,000 refer to the
population residing in the municipality, with a population density of 1494.26
(hab./km2) (IBGE, 2017). The city comprises an island with an area of 39.4
km2 and a mainland area of 231.6 km2. Santos has a tropical climate and
has significant rainfall throughout the year. In the background of the Köppen
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climate classification, the climate categorization is Af. The annual average
rainfall is 2.143 mm. The rainiest month is January, with an average of 284
mm (CEPAGRI, 2020).

Fig. 1 Landslide location map with: (a) Brasil, (b) state of São Paulo, and (c) Study area:
hills of Santos.

This region occupies an area of about 4650 km2 and has a rugged topog-
raphy with altitudes that can reach 210 meters above mean sea level (Pichler,
1957). The hills have a steep slope. For slopes no higher than 45°, these are
covered by soil, but when these slopes are greater than 45°, rocky outcrops
usually appear. The remaining soil layer reaches more than 20 meters at the
top of the mountain, while on the hillside, the layer thickness is reduced to
a few meters (Pichler, 1957). This area is located in a narrow strip of the
plain between the sea and an orographic barrier known as Serra do Mar,
where several landslide events have occurred over the years, due to the pres-
ence of many elements that favorable these processes, such as high rainfall and
high slopes. The location demonstrates the municipality’s great potential for
landslide events (Moura, 2014; Gobbi et al, 2017).

The inventory of landslides in the study area was collected from reports
made available by the Civil Defense of the municipality of Santos and by the
database of the Geological Institute of the state of São Paulo. From these, 215
georeferenced occurrences were collected between the years 2014 to 2021, and
379 occurrences between 1993 and 2013.
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2.2 LiDAR data

The LiDAR data were processed and made available by the Municipality of
Santos from a survey carried out in 2013. LiDAR points were acquired with
a Trimble Harrier 68i sensor aboard an AS 350 Ecureuil Helicopter. Dur-
ing data acquisition, the platform was operated at an altitude of 700 meters
with an average speed of 101 km/h. The LiDAR sidelap was 35% and the
LiDAR endlap was 65%, resulting in a point cloud with an approximate den-
sity of 2.38/points per m2. LiDAR points were divided into ground and surface
classes; only ground points were used in this study to obtain the DTM.

2.3 UAV images

The survey for UAV photos captures was carried out by the REMADEN/RE-
DEGEO Project of the National Center for Monitoring and Early Warning
of Natural Disasters (Cemaden, in the Portuguese acronym), in partnership
with Sao Paulo State University (UNESP, in the Portuguese acronym), on
August 23, 2019. Support and geodetic control points were also collected for
the quality control of the DTM. The processing and analysis of the UAV photo
captures were published by Reiss et al (2022). A SenseFly eBee-Plus UAV was
used with a senseFly SODA (Sensor Optimized for Drone Applications) digi-
tal camera. The camera produces images with an RGB resolution of 5,472 ×
3,648 pixels ( 20Mpx).

The UAV was operated at the height of 500 m above the ground, with
a bow overlap rate of 75% and a lateral overlap rate of 70%. Totaling 417
photographs taken from the study area. GPS UAV device allows to get the
geolocation information from optical photos. Agisoft PhotoScan Metashape
Professional (v. 1.8.2) was the software operated for processing the images. It
is a popular SfM software to process the resulting product, converting aerial
photos into dense SfM points. Upon recognizing the photo’s metadata (such as
focal length and pixel size), the software automatically corrects the camera’s
intrinsic parameters, calculates the camera’s position, and generates a point
cloud from the match points of the images (Iglhaut et al, 2019).

2.4 Landslide conditioning factors

Choosing the appropriate conditioning factors is an essential step in mapping
landslide susceptibility, as the selection of these factors influences the predictive
capacity of the models. The conditioning factors considered in the analysis of
landslide susceptibility were chosen based on the literature review and data
availability (Pradhan and Sameen, 2017; Sangchini et al, 2016; Zhang et al,
2019). Topographic and hydrological factors include aspect, elevation, plan
curvature, profile curvature, slope, Terrain Ruggedness Index (TRI), TWI,
SPI, and Sediment Transport Index (STI). In addition, geological factors such
as geomorphology and lithology will be used in the analysis.
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(a) (b)

(c) (d)

(e) (f)

Fig. 2 Topographic landslide conditioning maps derived from LiDAR: (a) aspect, (b) ele-
vation, (c) plan curvature, (d) profile curvature, (e) slope, and (f) TRI.

Topographic factors to be used are aspect, elevation, plan curvature, profile
curvature, slope, and TRI, shown in Figures 2 and 3 from LiDAR and UAV-
derived data, respectively. The aspect is defined as the azimuth corresponding
to the steepest slope of the terrain, which determines the degree of solar radi-
ation on the hillside and significantly impact on the physical environment and
vegetation around the slope (Xiao et al, 2018). The elevation is affected by
various geomorphological and geological processes, with relief classes denot-
ing the range of elevation from the lowest to the highest point in the study
area (Youssef and Pourghasemi, 2021; Raja et al, 2017).
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(a) (b)

(c) (d)

(e) (f)

Fig. 3 Topographic landslide conditioning maps derived from the UAV: (a) aspect, (b)
elevation, (c) plan curvature, (d) profile curvature, (e) slope, and (f) TRI.

The plan curvature represents the flow acceleration, and the erosion/de-
position rate affects the convergence and dispersion of flows (Youssef et al,
2016). Positive values correspond to divergent topography, negative values to
convergent topography, and null values to flat topography (Chen and Zhang,
2021). The profile curvature affects the change in slope flow velocity and the
associated process of sediment transport influences the acceleration and decel-
eration of the flow. Positive values represent convex terrain, negative values,
concave terrain, and null values represent straight terrain (Xiao et al, 2019).
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The slope angle determines the terrain surface’s steepness and landslide’s
stress degree the topographical surface concerning the horizontal slope (He
et al, 2019). The shear stress in the soil or other unconsolidated materials gen-
erally increases with the slope, so that the slope directly affects the occurrence
of landslides, as the increase in the inclination angle implies a decrease in the
safety factor, increasing the occurrence of landslides (Tien Bui et al, 2017).
For Liu et al (2021) the inclination angle proved to be the most significant
conditioning factor.

The TRI is considered a morphometric measure that describes the hetero-
geneous condition of a land surface (Althuwaynee et al, 2014), is related to
the texture of the terrain, and is used to represent the difference in elevation
between the surface and the surrounding area, integrating the concave and
convex regions (Riley et al, 1999; Smith, 2014). In Equation 1 for calculating
the TRI, max denotes the largest pixel value in a mobile 3x3 pixel kernel and
min denotes the minimum value (Pawluszek and Borkowski, 2017).

TRI =
√

(|x|(max2 −min2)) (1)

(a) (b)

(c)

Fig. 4 LiDAR-derived hydrological landslide conditioning maps: (a) SPI, (b) STI, and (c)
TWI.
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(a) (b)

(c)

Fig. 5 UAV-derived hydrological landslide conditioning maps: (a) SPI, (b) STI, and (c)
TWI.

Hydrological factors have a significant influence on the occurrence of land-
slides (Liu et al, 2019). As in studies carried out by Lee et al (2018); He et al
(2019); Wang et al (2020), the SPI, STI, and TWI factors were used in this
study, as presented in Figure 4 for LiDAR and in Figure 5 for UAV. Based on
the DTM, flow accumulation is performed to simulate the flow or potential flow
of streams and rivers. From the flow accumulation, the shape of the valley in
the hydrological basin is derived. The SPI is characterized by the erosion/de-
position power of a water flow, and with the presumption that it relates the
discharge to a defined catchment area, it was proposed by Moore et al (1991).
In Equation 2, As is the local ascending area that drains through a certain
point per unit boundary length and b is the local slope gradient measured in
degrees.

SPI = As ∗ tan b (2)

The STI (Equation 3) is directly related to the delivery of sediments from
the terrain to the channel during landslide events (Saleem et al, 2019). This
represents slope failure and deposition procedures (Moore et al, 1991). In
Equation 3, the elements As and b were defined in Equation 2, and m and n
are respectively the exponent of the catchment area and and the slope.

STI = (m+ 1) ∗ (As/22.13)
m ∗ (sin b/0.896)n (3)
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TWI characterizes surface water saturation zones affecting slope material,
resulting in decreased soil stability (Chen and Zhang, 2021). This conditioning
factor can be calculated according to Equation 4, where a is the local ascending
area drains through a certain point per unit boundary length, and tan b is the
local slope gradient measured in degrees.

TWI = ln
( a

tan b

)
(4)

The geological factor applied in this work was the lithology and the geotech-
nical factor represented by the geotechnical map, as seen in Figure 6. These
were reconstructed from studies carried out by the Technological Research
Institute (IPT, in the Portuguese acronym) in 1979, the first one entitled
Lithological Map of the Hills of Santos and São Vicente and the second
geotechnical map of the mountains of Santos and São Vicente (municipal-
ity neighbor), both with a scale of 1:10,000. The lithology was characterized
by the following classes: Migmatites, Granite Santos, Granite with Megacrys-
tals, Gravitational Sediments, Alveolar Sediments Gravitacional Sediments,
and Alveolar Sediments. Furthermore, the geological conditions represent one
of the most important factors that influence the stability of the slopes. In this
regard, the geotechnical map is divided into 11 classes, according to Table 2.

(a) (b)

Fig. 6 The geologic and geotechnical factors used in the analysis: (a) Lithology, and (b)
Geotechnical.

2.5 Frequency ratio

The Frequency Ratio (FR) model is commonly used for landslide suscep-
tibility analysis (Ozdemir and Altural, 2013; Hong et al, 2016). FR is a
geospatial assessment tool and one of the most essential bivariate statistical
methods (Wang and Li, 2017), which involves bivariate statistical analysis
based on spatial distribution, that is, on the probability of occurrence and
non-occurrence of landslides in a specific area (Park et al, 2013). The bivari-
ate probability of each independent landslide trigger can be determined by its
relationship to the occurrence of inventory landslides (Oh et al, 2017). If the
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Table 2 Geotechnical classes.

Legend Geotechnical classes

I Areas explored or under exploration for material removal
II Talus bodies with strong evidence of movement
III Bands situated below unstable zones
IV Lake
V Alluvial plain embedded in the top of the hills
VI Segment of predominantly straight slopes with slope >40°
VII Segment of predominantly straight slopes with slope 30° - 40°
VIII Segment of predominantly straight slopes with slope 20° - 30°
IX Segment of straight or convex slopes, slightly inclined <20°
X Straight or convex hill tops and slopes, slightly inclined
XI Deposition zone (talus) apparently stable and large blocks may occur on the surface

bivariate probability is greater than 1, the stronger the correlation between
the incidence of landslides and the triggering factors, and if the probability
is less than 1, the weaker the correlation (Aghdam et al, 2016). FR can be
described by Equation 5, which was used to calculate all subclasses of condi-
tioning factors based on their relationship with the scar inventory (Oh et al,
2017).

FR =
(A/B)

(C/D)
(5)

Where A is the number of pixels with landslides for each subclass condi-
tioning factor, B is the total number of landslides in the study area, C is the
number of pixels in the subclass area of each factor and D is the total number
of pixels in the study area. Then, the FR was normalized, generating the Nor-
malized Frequency Ratio (NFR) on a scale of probability values from 0 to 1
using Equation 6, where the Factor class FR and FR by class (Yan et al, 2019).

NRF =
Factor class FR∑
Factor class FR

(6)

3 Methods

The methodology proposed by this work comprises the steps described in
Figure 7. In the first part of the methodology, information on LiDAR and UAV
data was obtained. Then, the conditioning factors were produced based on the
DTM generated for each data with a resolution of 0.5 meters. All condition-
ing factors were made using the Whitebox Geospatial Analysis Tools (GAT)
platform (Lindsay, 2016). Those with numerical data were classified into class
intervals so that their classes are defined factors with nominal data (lithological
and geotechnical) that have not been changed. In the event frequency distribu-
tion analysis stage, based on the inventory data, the conditioning factors were
reclassified according to the probability of occurrence and non-occurrence of
landslides. The reclassified conditioning factors were used as input to the RF
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algorithm, as were the training samples, to generate the landslide suscepti-
bility maps. From the validation samples, the susceptibility model evaluation
metrics were calculated.

Fig. 7 Flowchart of the proposed methodology to landslide susceptibility mapping using
RF algorithm.

3.1 Mapping units and dataset division

To produce susceptibility maps, ML techniques require both occurrence and
non-occurrence samples for landslides. However, these samples must be divided
into training and validation sets. The first is used to build the prediction
model and the second is to analyze the model’s predictive capacity. As pro-
posed by Sahin et al (2020) and Dang et al (2020), data separation is due at
70% for training and 30% for validation. Thus, from the union of landslide
occurrences inventories made available by the Civil Defense and IG (Instituto
Geológico, in Portuguese), a previous selection of the landslide points was car-
ried out considering that the landslide occurrences are related to occupied
areas in dense urban settlements. This fact induces the localization of these
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events in the study area. For the present study was used 215 samples of the
landslide. The exact number of samples (215 points) was randomly generated
within the study area to generate a set of non-landslide points, totaling 430
samples. Considering the 70:30 ratio for the division into training and valida-
tion samples, for the training dataset, 301 randomly divided points were used,
and for the validation dataset, 129 points were used.

3.2 Multicollinearity diagnosis

To build a LSM is vital to select suitable variables for landslide modeling
because conditioning factors within the training dataset can be correlated with
each other, which can introduce noise that confuses the model (Sahin et al,
2020). In this study, the Spearman’s correlation coefficient was used to quantify
the multicollinearity of the conditioning factors.

Spearman’s correlation analysis between the conditioning factors is a non-
parametric statistical indicator of correlation that uses the classifications
for calculation and measurement, reflecting the proximity of the correlation
between two variables (Wang et al, 2020), this varies between -1 and 1, repre-
senting the negative and positive linear correlation, respectively. The value zero
means no linear correlation. The Spearman’s correlation coefficient is obtained
using Equation 7.

rs = 1− 6
∑

d2i
n(n2 − 1)

(7)

Where: di is the difference between the ranks, and n is the number of members
for each parameter. Given a pair of random variables, the linear correlation (r)
can be summarized as follows:|r| ≤ 0.3 there is no linear correlation; 0.3 ≤ |r| ≤
0.5 low linear correlation; 0.5 ≤ |r| ≤ 0.7 significant linear correlation; and |r| ≥
0.7 high linear correlation (Wang et al, 2020). An advantage of the Spearman’s
rank coefficient is that if one or more data are much larger than others, their
correlation is not affected because only their ranks are evaluated (Rezaei et al,
2018).

The importance analysis of the conditioning factors in the prediction model
was performed using the implicit importance technique in the RF algorithm,
which is implemented in the scikit-learn library (available in https://scikit-
learn.org/stable/). This tool measures the importance of attributes or, in this
case, the conditioning factors by analyzing the number of nodes in the tree
that use a particular attribute to reduce the global impurities of the forest.
It automatically calculates this value for each attribute after training. It nor-
malizes the variables based on the standard deviation of differences in Out
of Bag (OOB) error before and after the variables are shuffled and checked
within the training data. This metric captures the model’s sensitivity to each
predictor variable. The more sensitive, the more important the variable for the
performance of the model (Sahin et al, 2020; Tanyu et al, 2021).
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3.3 Random Forest algorithm

The RF method, as an ensemble machine learning classification algorithm,
aims to improve the flexibility and accuracy of classification trees (Zhang et al,
2019). This method classifies the data using a combination of decision trees.
Each tree depends on the values of a random sample vector with independent
configuration and is uniformly distributed over all the trees (Breiman, 2001).
RF increases the diversity between classification trees, alters the data, and
arbitrarily modifies a set of explanatory factors for different inductive processes
in trees (Chen et al, 2017).

The final decision of the class members and the construction of the model
is determined by majority votes in the tree (Dang et al, 2020; Sahin et al, 2020;
Zhou et al, 2021). The model is built from several parameters, the most impor-
tant being: the number of trees in the forest, the maximum number of features
that RF can experience in a single tree, the number of variables or conditional
factors tested at each node, and the number of nodes controlling the structure
in each tree to minimize the OOB error and achieve good performance of the
model (Taalab et al, 2018; Sahin et al, 2020).

The RF model was used to perform the classification of the predictive
model. The Python language was used to build algorithms implemented with
the scikit-learn library. To choose the number of trees to be used, the search
was implemented by iteratively calculating the RF OOB errors with different
numbers of random attributes. The smaller the OOB errors, the greater the
prediction accuracy of the corresponding model. After the analysis, the number
of predictors used to split the nodes was 3, and 200 was used for the number
of decision trees in RF. Then the trained RF model can be used to calculate
the prediction models.

3.4 Evaluation and comparison of results

The ROC has been widely used to validate the performance of LSMs (Raja
et al, 2017; Sun et al, 2020; Chen and Zhang, 2021). It is a valuable method to
represent two-dimensionally the performance of prediction models, analyzing
the relationship between sensitivity and specificity of a binary classifier, in this
case, the occurrence or not of landslides. The ROC curve shows the value of
specificity and sensitivity, respectively, on the y and x-axes. The true positive
(TP) is a pixel correctly called the landslide area, and the false positive (FP)
is a pixel incorrectly named landslide area (Liu et al, 2021). Thus, it is nec-
essary to calculate the specificity and sensitivity given by Equations 8 and 9,
respectively:

Sensitivity =
TP

TP + FN
(8)

Specificity =
TN

TN + FP
(9)

Where: TP and true negative (TN) is the number of correctly sorted pixels,
FP and false negative (FN) is the number of wrongly sorted pixels
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The AUC is as it indicates the accuracy of the models on a scale of 0 to 1,
it is calculated from the area under the ROC curve. A maximum AUC or close
to 1 indicates that the model produced an excellent result. On the other hand,
an AUC value close to 0.5 means a bad result for the prediction. In general,
it is considered that if the AUC of the model is more significant than 0.7, the
model has high accuracy (Raja et al, 2017). ROC and AUC curves are among
the most used metrics for evaluating a machine learning model in landslide
susceptibility analyses.

In addition, overall accuracy (OA) in Equation 10, is widely used to evalu-
ate the predictive ability of landslide models. OA is the proportion of landslide
and non-landslide pixels correctly classified by the model (Chen et al, 2017; Lv
et al, 2022). A higher OA value implies better classification precision (Wang
et al, 2019).

Accuracy =
TP + TN

TP + TN + FP + FN
(10)

On the other hand, the F1-Score (Equation 11), according to Azarafza et al
(2021) represents the harmonic mean of Precision (Equation 12) and Recall
(Equation 13), considering the performance of the positive class to evaluate
a model, that is, how many samples were correctly classified as positive, as
well as how robust is the classification to measure the ability of the model not
to classify a negative sample as positive (Dang et al, 2020). Thus, according
to Sahin et al (2020), the results vary between 0 and 1. The closer to 1, the
more correctly the instance is classified, so if any of the sensitivity and precision
values decrease, the F1-Score decreases and vice versa.

F1− Score = 2 ∗ Precision ∗Recall

Precision+Recall
(11)

Precision =
TP

TP + FP
(12)

Recall =
TP

TP + FN
(13)

4 Results

The frequency ratio model is built based on the spatial distribution, that is,
based on the probability of landslides. This step allows analyzing for each
factor which class intervals are most relevant for the triggering of landslides,
and what are the possible thresholds for each variable. Nevertheless, for some
conditioning factors, the distributions of these processes are associated with
different intervals, and it is not possible to clearly define which class is more
likely.

Concerning the topographic parameters, elevation presents high values in
both models derived from LiDAR and UAV, in the range of 20m - 60m and
100m - 120m, representing approximately 34% of the study area. The South
(S) and East (E) classes of the aspect factor presented the highest ratio values.
These were the most expressive and exceeded all estimates. In addition, the
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Southeast (SE) model class using UAV-derived data has a value of 17%. Con-
sidering the TRI, the class that stood out the most for the UAV data model
was 0.45 - 0.48, and for the LiDAR data, it was 0.48 - 0.93.

For the slope in the model using UAV data, the more expressive classes
(with their percentage of landslides in each class) were 20.01 - 45 (18.60%),
45.01 - 75 (34.88%), > 75.01 (42.79%). However, for the model using LiDAR
data the occurrences of landslides were concentrated in the following classes
(with their percentage of landslides in each class): 20.01 - 45 (10.23%), 45.01 -
75 (18.14%), > 75.01 (65.12%). Thus, totaling 75.43% and 73.46% of the study
area, respectively, for models using UAV and LiDAR data. The difference was
more evident in the class 45.01 - 75, verifying the most significant presence of
vegetation in this class, which makes modeling for the UAV difficult.

Regarding the hydrological parameters, the TWI of the study area was
classified into five classes: (< 3), (3.01 - 4), (4.01 - 6), (6.01 - 10), and (10.01>).
The most representative class was (< 3). For the SPI the representative classes
were 40.01 - 50 for UAV data-based model and 10.01 - 20 for LiDAR data-
based model. The STI presented high ratio values between the classes 10-30
for a model using LiDAR data, and for a model using UAV data the class that
stood out the most was the 20 - 30.

For the geotechnical condition, the classes of predominantly straight slopes
with slopes ranging from 30 to 40, followed by the class of predominantly
straight slope segments with slope >40, were the highest. These classes are
directly related to the slope of the relief. In lithology, landslides were present in
migmatites, Granite with Oriented Megacrystals, and deposition zone (talus)
in addition to Gravitational Sediments.

4.1 Multicollinearity of factors

Spearman’s correlation analysis was performed for the conditioning factors
to assess the correlations between variables. Figure 8 shows the correlations
in color scale, where it can be seen that the factors that have the highest
correlation for the model using LiDAR data (Fig. 8a) are the Slope with TRI,
and STI and the SPI with STI maximum correlation value of (Slope - TRI
0.5), (Slope - STI 0.59), (SPI - STI 0.65) and for the model using UAV data
(Fig. 8b) (Slope - TRI 0.57), (Slope - STI 0.45), (Slope - TWI 0.41). A high
correlation between Slope - TRI also was obtained by Zhao and Zhao (2021)
and in the study by Wang et al (2020) obtained high correlations between SPI
- STI, and Slope - TWI.

The correlations between the TWI and the slope are explained as evidenced
by the fact that one is inversely proportional to the other, while the TWI
describes the effects of land change on surface runoff, so when the slope is rela-
tively flat, the impact of terrain changes on the flow rate is higher (Xiao et al,
2019). For SPI and STI, high values represent the water contribution of slope
and high flow velocities, as well as the effect of topography on erosion (Prad-
han and Kim, 2014). The result demonstrates no strong correlations between
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(a) (b)

Fig. 8 Spearman’s correlation for models using (a) LiDAR data, and (b) UAV data.

the conditioning factors selected to be used in the landslide prediction model
as they do not present values above 0.7, indicating high collinearity.

Fig. 9 RF model OOB error graph.

To perform the landslide prediction model using RF, an investigation was
performed between the OOB error against the number of trees employed in
the model. According to Sahin et al (2020), in this investigation, we sought to
know, from the training samples, the number of trees that present the smallest
OOB error. In this process, it was found that the model with 200 trees would
be ideal, as shown in the graph in Figure 9.

Thus, the classification of the LSM was performed using the parameters
described in the methodology, and the importance of each conditioning factor
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(a) (b)

Fig. 10 Importance RF for models using (a) LiDAR data, and (b) UAV data.

was verified. As a result, Figure 10 presents the values of the importance of
the variables given by the RF algorithm.

The importance of each factor is shown as an average of the impurity
decrease that appears on the x-axis, as shown in Figure 10. The Slope pre-
sented the most expressive values among the variables for LiDAR data (0.24,
Figure 10a) and UAV data (0.18, Figure 10b) , as it is a geomorphological
unit of hills with a morphodynamic that tends to a high dissection of slopes
and width relevant. This variable was also of great importance in the studies
presented by Abu El-Magd et al (2021); Sahin (2020); Saleem et al (2019);
Youssef and Pourghasemi (2021). The result of the other factors for LiDAR
was Aspect (0.11), Geotechnician (0 .10), Elevation (0.09), TRI (0.09), STI
(0.07), Profile curvature (0.06), SPI (0.06), Lithological (0.06), TWI (0 .05),
and Plan curvature (0.05). For the UAV we have Aspect (0.14), Geotechnician
(0.13), Elevation (0.12), Lithological (0.09), TRI (0.07), Plan curvature (0.07),
Profile curvature ( 0.07), SPI (0.05), STI (0.05), and TWI (0.04).

Landslides are typically binary problems, and the confusion matrix is often
used to analyze the model’s prediction accuracy. As in studies by Taalab et al
(2018); Sun et al (2020); Zhou et al (2021), the value of 0.5 was used as a limit
to judge the predicted value. When the probability is >0.5, it is considered
a landslide (assigned 1); otherwise, it is considered a non-landslide (assigned
0). Therefore, the analysis of Precision, Accuracy, Recall, and F1-Score as
indicators of model evaluation.

Table 3 Performance of the four models.

Statistical measures LiDAR UAV

Precision 0.800 0.797
Recall 0.862 0.712
Accuracy 0.862 0.760
F1-Score 0.830 0.752
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The results obtained in this study applied different performance metrics
for the models using LiDAR and UAV-derived data. The performance results
in terms of all metrics were given in Table 3. According to the model using
LiDAR data, the estimated values for Precision, Accuracy, Recall, and F1-
Score are 0.800, 0.862, 0.862, and 0.830, respectively, and for the model using
UAV data, the Precision, Accuracy, Recall, and F1-Score 0.797, 0.712, 0.760
0.752, respectively.

High Precision values indicate that every pixel predicted to be a scar is a
landslide scar, no matter how many landslide scars are not detected. However,
a high Recall value means that all landslide scars are detected, no matter how
many objects are misclassified as landslide scars. Now, analyzing the Accuracy,
it is noted that the two technologies were approximated when the predicted
values of landslides are in fact, landslides. However, the recall had a differ-
ential, emphasizing that the LiDAR technology could better classify all the
scars concerning the UAV. As a result, when evaluating the confusion matrix
considering the adopted threshold of 0.5 and measuring Accuracy between
known class values and predicted class values, it can be said that the model
using LiDAR data outperformed the model using UAV data in terms of metric
analysis.

Fig. 11 The prediction ROC and AUC values for models using: (a) LiDAR data; and (b)
UAV data.
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According to the analysis of the ROC curve and prediction capabilities with
the AUC value (Figure 11), the values of the models were above 0.8,(0.828
and 0.815, for LiDAR and UAV, respectively), which indicates that the models
were effective for landslide susceptibility analysis. The landslide density (LD)
can quantitatively reflect the spatial distribution of the landslide susceptibility
maps, defined as the percentage of landslide pixels divided by the percentage
of susceptible class pixels. As a result, in Table 4 it is observed that the value
of LD increases progressively as the level of landslide susceptibility raises from
very low to very high. Similar results were also found by Yan et al (2019); Wang
et al (2020) showing similar LD distribution trends in susceptibility models.

Table 4 Landslide distribution in predicted landslide susceptible zones.

Landslide-susceptible zones
LiDAR Area of zones
(%)

UAV Area of zones
(%)

No. of landslide
LIDAR

No. of landslide
UAV

Landslide LIDAR
(%)

Landslide UAV
(%)

LIDAR Density
(LD)

UAV Density
(LD)

Very low (I) 18.91 24.79 3.00 2.00 1.40 0.93 0.07 0.04
Low (II) 42.99 25.98 8.00 9.00 3.72 4.19 0.09 0.16
Moderate (III) 21.42 26.68 56.00 31.00 26.05 14.42 1.22 0.54
High (IV) 10.97 18.32 54.00 111.00 25.12 51.63 2.29 2.82
Very high (V) 5.70 4.24 94.00 62.00 43.72 28.84 7.67 6.80

The maps of susceptibility to landslides resulting from the models were
reclassified into five categories (Figure 12), considering the method used
by (Chen and Zhang, 2021), which defines the classes by equal intervals: very
low (0.005 - 0.2), low (0.2 - 0.4), moderate (0.4 - 0.6), high (0.6 - 0.8) and very
high (0.8 - 1), because, to compare the susceptibility models produced by dif-
ferent technologies, it is necessary to use the same standard to identify levels
of susceptibility to landslides.

Figure 12 shows the landslide susceptibility maps. Both results have a
similar spatial distribution, i.e., most historical landslide sites are in areas of
high susceptibility. The areas of very low susceptibility are mainly distributed
in the central part of the study area with low altitude and low slope, with the
alluvial plain embedded in the top of the hills.

5 Discussion

The number of studies using different methods in LSM and comparing their
performance to obtain the best models is increasing. However, landslides are
a natural phenomenon and a very complex process, affected by several geo-
environmental factors; thus, it is not easy to be modeled accurately (Pham
et al, 2020). Therefore, it is crucial to improve the performance of forecasting
methods so that managers and decision-makers obtain more accurate maps of
susceptibility to landslides. Recently, machine learning techniques have been
successfully adopted and applied to evaluate landslide susceptibility (Huang
et al, 2020). The performance of these models mainly depends on the input
data (Gaidzik and Ramı́rez-Herrera, 2021). So, it is essential to have qual-
ity data to provide them as input to learning models, either by the landslide
inventories or concerning the DTMs, which are bases for the conditioning
factors.
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Fig. 12 Landslide susceptibility maps produced by proposed method using: (a) LiDAR
data, and (b) UAV data.

The importance of inventories helps to understand which pattern of terrain
attributes is related to occurrences (Liu et al, 2021; Youssef and Pourghasemi,
2021). Furthermore, the DTM is the data source for most of the input factors in
susceptibility modeling; as a result, the quality of the DTM data and the data
acquisition form is a significant input for producing an accurate LSM output.
This fact was verified by Gaidzik and Ramı́rez-Herrera (2021); Mahalingam
et al (2016), which showed that landslide susceptibility mapping using high-
resolution DTM LiDAR-derived had its accuracy improved when compared
with a lower resolution DTM. In this context, the comparison between two
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acquisition technologies for DTM was evidenced in this study, considering the
UAV technology as a form of rapid acquisition and a positive cost-benefit ratio.

The susceptibility models showed great performance results, proven by the
evaluation metrics. However, differences were observed in the classification of
the conditioning factors values. These values were more divergent in densely
forested areas, a relationship that the nature of the sensor can easily explain
to obtain the topographic data. With the passive nature of the optical sensor
of the UAV technology, which data produced is impenetrable to the vegeta-
tion. Even with robust filtering algorithms to generate the DTM, removing
vegetation and inferring the relief in densely forested areas, is a complex task.
Regarding LiDAR data, the density of points in forest areas is higher due to
the active nature of the sensor.

However, the limitation with LiDAR technology data concerns its high
acquisition cost and, consequently, low availability. In Brazil, few municipali-
ties have a survey using LiDAR technology and make such data available for
research.

This study allowed shows that the data from UAV technology have poten-
tial to contribute to more risk areas being studied at the detail level. This
potential also was verified by Borrelli et al (2019), who used LiDAR and
UAV data from different dates (2012 and 2019) to evaluate the topograph-
ical changes that occurred within a small catchment. Moreover, the use of
the UAV data can subside data for other studies that depend on the qual-
ity of susceptibility or risk maps, especially regarding to the accuracy of risk
areas delimitation, as proposed by Assis Dias et al (2018), who estimates the
population in an area at risk on an intra-urban scale.

The landslide susceptibility mapping helps identify areas that researchers
can pay more attention to for more detailed investigations (Cao et al, 2021).
It is in this way that susceptibility mapping using high resolution DTM like
those evaluated in this article has the potential to complement studies and
applications in disaster risk areas, such as the definition of suitable locations
for the installation of collection platforms of data and collection of subsurface
data, besides providing subsidies for the elaboration of contingency plans.

Thus, considering a large country like Brazil, with 6,227,740 vulnerable
people in landslide risk areas (Assis Dias et al, 2020), and studies indicating
Brazil’s increased vulnerability to landslides and flash floods in the context
of climate change (Debortoli et al, 2017), the landslide susceptibility mapping
with more easily accessible and cheaper technologies as UAV is a need and
urgent.

6 Conclusion

This article compares the two models of landslide susceptibility mapping using
RF algorithm generated from the LiDAR and UAV technology to verify if the
UAV-derived data can achieve accuracy commensurate with LiDAR-derived
data. The study area is characterized by steep slopes with frequent landslides
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in the rainy seasons and susceptibility to landslides. LiDAR and UAV surveys
produced high-resolution DTMs (spatial resolution 0.5 meters). Topographic
and hydrological (generated from each DTM) and geological conditioning fac-
tors were used for the prediction models. The results showed that both models
achieved accuracy above 0.70 and AUC greater than 0.80 and that, as expected,
the model generated from LiDAR data achieved greater accuracy. However,
despite the limitation of UAV-derived data regarding areas of dense vegeta-
tion for the generation of DTM, the landslide susceptibility map from UAV
data was considered consistent with the landslide susceptibility map obtained
by LiDAR data. Therefore, this study allows concluded that the UAV technol-
ogy can be an alternative adequate to generate landslide susceptibility maps
in areas without a DTM with high-resolution data.
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Table A1 Relative frequency values for LiDAR and UAV data.

uav lidar

Conditioning factor Classes
Pixels
number in domain
(in %)

Number
of landslide
(in %)

FR value NFR value
Pixels
number in domain
(in %)

Number
of landslide
(in %)

FR value NFR value

Elevation (m) 0 - 20 1.17 0.47 0.40 0.05 2.49 1.40 0.56 0.07
20.01 - 40 7.72 12.09 1.57 0.19 9.13 12.56 1.38 0.16
40.01 - 60 9.93 17.21 1.73 0.21 9.83 17.67 1.80 0.21
60.01 - 80 17.95 15.35 0.86 0.10 18.19 13.49 0.74 0.09
80.01 - 100 20.69 17.67 0.85 0.10 20.74 18.60 0.90 0.11
100.01 - 120 15.20 18.14 1.19 0.14 14.92 18.60 1.25 0.15
120.01 - 140 12.73 11.63 0.91 0.11 11.97 11.63 0.97 0.11
140.01 - 160 9.66 6.51 0.67 0.08 8.43 5.12 0.61 0.07
160.01 - 180 3.89 0.93 0.24 0.03 3.37 0.93 0.28 0.03
180.01 - 200 1.06 0.00 0.00 0.00 0.94 0.00 0.00 0.00

Geotechnical
Areas explored or under
exploration for material removal

0.10 0.00 0.00 0.00 0.10 0.00 0.00 0.00

Talus bodies with strong
evidence of movement

0.63 0.00 0.00 0.00 0.63 0.00 0.00 0.00

Bands situated below unstable
zones

3.72 3.26 0.88 0.09 3.72 3.26 0.88 0.09

Lake 0.19 0.00 0.00 0.00 0.19 0.00 0.00 0.00
Alluvial plain embedded in the
top of the hills

8.65 0.00 0.00 0.00 8.65 0.00 0.00 0.00

Segment of predominantly
straight slopes with slope (>40°) 41.29 56.74 1.37 0.14 41.29 56.74 1.37 0.14

Segment of predominantly
straight slopes with slope (30°- 40°) 2.81 8.84 3.14 0.32 2.81 8.84 3.14 0.32

Segment of predominantly
straight slopes with slope (20°- 30°) 7.33 6.98 0.95 0.10 7.33 6.98 0.95 0.10

Segment of straight or convex
slopes. slightly inclined (<20°) 5.34 2.79 0.52 0.05 5.34 2.79 0.52 0.05

Straight or convex hill tops and
slopes. slightly inclined

27.63 15.81 0.57 0.06 27.63 15.81 0.57 0.06

Deposition zone (talus)
apparently stable and large blocks
may occur on the surface

2.32 5.58 2.41 0.24 2.32 5.58 2.41 0.24

Lithology Gravitational Sediments 1.59 0.93 0.58 0.19 1.59 0.93 0.58 0.19
Migmatites 27.31 42.33 1.55 0.50 27.31 42.33 1.55 0.50
Alveolar Sediments 10.61 0.00 0.00 0.00 10.61 0.00 0.00 0.00
Granite with Oriented
Megacrystals

60.41 56.74 0.94 0.31 60.41 56.74 0.94 0.31

Santos granite 0.08 0.00 0.00 0.00 0.08 0.00 0.00 0.00
Slope % 0 - 3 2.00 0.47 0.23 0.05 5.39 0.00 0.00 0.00

3.01 - 8 6.42 0.00 0.00 0.00 8.71 1.40 0.16 0.03
8.01 - 20 14.79 4.19 0.28 0.07 12.45 5.12 0.41 0.09
20.01 - 45 28.02 19.53 0.70 0.16 22.49 10.23 0.45 0.10
45.01 - 75 24.66 29.30 1.19 0.27 28.69 18.14 0.63 0.14
75.01 -> 24.10 46.51 1.93 0.45 22.28 65.12 2.92 0.64

Aspect Flat (-1) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
North (0-22.5 ; 337.5-360) 14.47 10.23 0.71 0.09 15.68 6.98 0.44 0.05
Northeast (22.5-67.5) 12.16 6.51 0.54 0.07 12.04 13.02 1.08 0.13
East (67.5-112.5) 10.47 14.42 1.38 0.17 9.19 10.70 1.16 0.14
Southeast (112.5-157.5) 12.23 20.93 1.71 0.21 12.73 11.16 0.88 0.11
South (157.5-202.5) 13.60 14.42 1.06 0.13 13.70 26.51 1.93 0.24
Southwest (202.5-247.5) 10.31 12.56 1.22 0.15 9.50 8.84 0.93 0.11
West (247.5-292.5) 12.01 12.09 1.01 0.12 11.14 9.30 0.84 0.10
Northwest (292.5-337.5) 14.74 8.84 0.60 0.07 16.01 13.49 0.84 0.10

Plan curvature Concave 27.03 32.56 1.20 0.38 34.07 31.63 0.93 0.31
Rectilinear 45.10 32.56 0.72 0.23 30.46 29.77 0.98 0.33
Convex 27.87 34.88 1.25 0.39 35.47 38.60 1.09 0.36

Profile curvature Convex 19.41 27.44 1.41 0.43 20.98 25.58 1.22 0.39
Rectilinear 60.50 51.16 0.85 0.25 57.32 52.09 0.91 0.29
Concave 20.09 21.40 1.06 0.32 21.70 22.33 1.03 0.33

TWI <3 57.28 70.70 1.23 0.35 45.89 61.86 1.35 0.34
3.01 - 4 18.46 12.09 0.65 0.18 23.64 15.81 0.67 0.17
4.01 - 6 17.78 11.16 0.63 0.18 22.19 16.74 0.75 0.19
6.01 - 10 5.73 6.05 1.06 0.30 7.34 5.12 0.70 0.18
10.01 > 0.75 0.00 0.00 0.00 0.93 0.47 0.50 0.13

SPI 0 - 10 77.79 70.70 0.91 0.10 67.54 50.70 0.75 0.10
10.01 - 20 9.55 7.91 0.83 0.09 11.81 21.86 1.85 0.24
20.01 - 30 3.43 5.58 1.63 0.18 5.48 6.98 1.27 0.17
30.01 - 40 1.76 2.79 1.59 0.18 3.14 3.72 1.18 0.15
40.01 - 50 1.06 2.33 2.19 0.25 2.03 2.33 1.15 0.15
50.01 > 6.42 10.70 1.67 0.19 10.00 14.42 1.44 0.19

STI 0 - 10 71.37 50.70 0.71 0.12 61.38 31.16 0.51 0.09
10 - 20 20.56 35.35 1.72 0.29 25.06 44.65 1.78 0.30
20 - 30 4.22 8.84 2.09 0.36 7.97 13.95 1.75 0.30
30 > 3.86 5.12 1.33 0.23 5.59 10.23 1.83 0.31

TRI 0 - 0.45214161 86.99 65.12 0.75 0.09 91.87 70.23 0.76 0.07
0.45214161 - 0.481239951 1.65 5.12 3.11 0.37 1.65 5.58 3.38 0.33
0.481239951 - 0.933381561 9.67 26.98 2.79 0.34 5.87 22.79 3.88 0.38
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(2015) Image-based modelling from unmanned aerial vehicle (UAV) pho-
togrammetry: an effective, low-cost tool for archaeological applications.
Archaeometry 57(1):128–145. https://doi.org/10.1111/arcm.12078

Froude MJ, Petley DN (2018) Global fatal landslide occurrence from 2004 to
2016. Natural Hazards and Earth System Sciences 18(8):2161–2181. https:
//doi.org/10.5194/nhess-18-2161-2018

Gaidzik K, Ramı́rez-Herrera MT (2021) The importance of input data on
landslide susceptibility mapping. Scientific Reports 11(1):1–14. https://doi.
org/10.1038/s41598-021-98830-y

Gaidzik K, Ramı́rez-Herrera MT, Bunn M, et al (2017) Landslide manual
and automated inventories, and susceptibility mapping using LiDAR in the
forested mountains of Guerrero, Mexico. Geomatics, Natural Hazards and
Risk 8(2):1054–1079. https://doi.org/10.1080/19475705.2017.1292560

Giordan D, Manconi A, Remondino F, et al (2017) Use of unmanned aerial
vehicles in monitoring application and management of natural hazards.
Geomatics, Natural Hazards and Risk 8(1):1–4. https://doi.org/10.1080/
19475705.2017.1315619

Giordan D, Hayakawa Y, Nex F, et al (2018) The use of remotely piloted
aircraft systems (RPASs) for natural hazards monitoring and management.
Natural hazards and Earth System Sciences 18(4):1079–1096. https://doi.
org/10.5194/nhess-18-1079-2018

Gobbi ES, et al (2017) Variação do manto intempérico nas encostas dos morros
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3 CONSIDERAÇÕES FINAIS

O mapeamento da suscetibilidade a deslizamentos de terra é um dos métodos mais
importantes usados como uma medida não estrutural fundamental para prevenir vítimas humanas
e perdas socioeconômicas em eventos de desastres. Portanto, o modelo de previsão de desliza-
mento de terra é uma ferramenta útil para agências governamentais desenvolverem estratégias
para prevenir e mitigar riscos de deslizamento. Os modelos baseados em métodos de aprendi-
zado de máquina, como o RF, podem ser utilizados por tomadores de decisão, planejadores,
pesquisadores acadêmicos, engenheiros e agências governamentais para mitigar a perda de vidas
humanas e propriedades

Nesse sentido este trabalho tem como objetivo a comparação dos dois modelos de
mapeamento de suscetibilidade a deslizamentos usando algoritmo de RF gerado a partir da
tecnologia LiDAR e VANT para verificar se os dados derivados de VANT podem atingir precisão
compatível com dados derivados de LiDAR. O resultado do desempenho do modelo de predição
foi avaliado considerando as métricas estatísticas. O modelo usando os dados LiDAR atingiu
0,800, 0,862, 0,862 e 0,830, respectivamente, para Precisão, Acurácia, Recall e F1-Score. Para
o modelo usando os dados de VANT, os valores atingidos foram 0,797, 0,712, 0,760 e 0,752,
respectivamente, para Precisão, Acurácia, Recall e F1-Score.

A área de estudo é caracterizada por encostas íngremes com deslizamentos frequentes
nas estações chuvosas e suscetibilidade a deslizamentos. Os levantamentos LiDAR e VANT
produziram MDTs de alta resolução (resolução espacial de 0,5 metros). Fatores de condicionantes
topográficos e hidrológicos (gerados a partir de cada MDT) e geológicos foram usados para
os modelos de previsão. Os resultados mostraram que ambos os modelos alcançaram acurácia
acima de 0,70 e AUC maior que 0,80 e que, como esperado, o modelo gerado a partir dos dados
LiDAR obteve maior acurácia.

Os mapas de suscetibilidade a deslizamentos obtidos foram reclassificados em cinco
categorias, definindo as classes por intervalos iguais para comparar os modelos de suscetibilidade
produzidos por diferentes tecnologias, utilizando assim o mesmo padrão para identificar níveis
de suscetibilidade a deslizamentos nos dois mapas. Os intervalos usados foram: muito baixo
(0,005 - 0,2), baixo (0,2 - 0,4), moderado (0,4 - 0,6), alto (0,6 - 0,8) e muito alto (0,8 - 1).

Os resultados obtidos com os dados de VANTs foram considerados consistentes com
aqueles obtidos por dados de LiDAR, apesar das limitações dos dados de VANTs para áreas
densamente vegetadas. Portanto, este estudo nos leva a concluir que a tecnologia VANT pode
ser uma alternativa adequada para gerar mapas de suscetibilidade a deslizamentos em áreas
urbanas em nível de detalhe com dados de alta resolução em áreas sem dados de alta resolução
disponíveis.

Como perspectivas futuras, espera-se contribuir para implementações de modelos mais
robustos para uma plataforma de alertas para deslizamentos, incluindo a pluviosidade em tempo
real com dados de estações meteorológicas, além da extrapolação dos dados para a região.
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