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Abstract 

The influence of cartographic representation of small and large-sized landslides, through 

points and polygons, was evaluated in statistical models of susceptibility, in the central region 

of the municipality of Ouro Preto, Brazil. 18 models were produced using an inventory with 

57 features mapped with an Unmanned Aerial Vehicle. The area and volume of these features 

were determined, which allowed the establishment of a statistical correlation between both 

parameters, with a coefficient of determination (R²) of 0.9687. Three divisions of the 

dependent variables, between the training and test subgroups, were adopted based on the 

slide’s volume. In each of these divisions, the following cartographic representations were 

adopted: polygon, point in the centre of mass, and random point inside the slide’s features. 

The conditioning factors used in the modelling were: lithological units, slope angle, 

geomorphological units, slope aspect, and land use. The informative value method was used 

in the construction of the models, which were validated through the success and prediction 

curves. The results demonstrated that landslides of small and large sizes are differently 

influenced by the conditioning factors, and the cartographic representation changes the 

influence of the factors for the same sliding feature. A polygonal cartographic representation 

and a balanced partition of the dependent variables (large and deep landslides in both training 

and test subgroups) were demonstrated to produce the best results. The worst result was 

obtained using a point and random cartographic representation and a partition of dependent 

variables with a predominance of large and deep landslides in the training subgroup. Thus, the 

adoption of different cartographic representations to map the features of landslides in regions 

that register movements of different magnitudes may interfere in the quality of the 

susceptibility models and in the spatial arrangement of the susceptibility classes, producing 

distinctly different maps for the same locality.  

Key words: Landslide, Susceptibility mapping, Bivariate statistics, Landslide inventory, 

Landslide volume. 
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Resumo 

A influência da representação cartográfica de deslizamentos de pequeno e grande porte, por 

meio de pontos e polígonos, foi avaliada em modelos estatísticos de suscetibilidade, na região 

central do município de Ouro Preto, Brasil. 18 modelos foram produzidos a partir de um 

inventário com 57 feições de cicatrizes mapeadas com um Veículo Aéreo Não Tripulado. 

Foram determinados a área e o volume dessas feições, o que permitiu estabelecer uma 

correlação estatística entre os dois parâmetros com um coeficiente de determinação (R²) de 

0,9687. Três divisões das variáveis dependentes, entre os subgrupos de treino e teste, foram 

adotadas com base no volume dos escorregamentos. Em cada uma dessas divisões, as 

seguintes representações cartográficas foram adotadas: polígono, ponto no centro de massa e 

ponto aleatório dentro das feições dos escorregamentos. Os fatores condicionantes utilizados 

na criação dos modelos foram: unidades litológicas, declividade, unidades geomorfológicas, 

aspecto e uso e ocupação. O método do valor informativo foi utilizado na construção dos 

modelos, que foram validados através das curvas de sucesso e de predição. Os resultados 

encontrados evidenciaram que escorregamentos de pequeno e grande porte são diferentemente 

influenciados pelos fatores condicionantes, além da representação cartográfica alterar a 

influência dos fatores para uma mesma feição de escorregamento. O melhor resultado 

encontrado utilizou uma representação cartográfica poligonal e uma partição equilibrada das 

variáveis dependentes (grandes e profundos escorregamentos em ambos os subgrupos de 

treino e de teste). O pior resultado encontrado utilizou uma representação cartográfica pontual 

e aleatória e uma partição das variáveis dependentes com predominância de grandes e 

profundos escorregamentos no subgrupo de treino. Dessa forma, pode-se concluir que a 

adoção de diferentes representações cartográficas para mapear as feições de escorregamentos 

em regiões que registram movimentos de diferentes magnitudes pode interferir na qualidade 

dos modelos de susceptibilidade elaborados e no arranjo espacial das classes de 

susceptibilidade, produzindo mapas distintos para uma mesma localidade. 

Palavras-Chave: Escorregamento, Mapeamento de susceptibilidade, Métodos estatísticos 

bivariados, Inventário de escorregamentos, Volume de escorregamentos.   
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CHAPTER 1 

INTRODUCTION 

 

1.1 PRESENTATION 

Landslide susceptibility mapping assesses the natural predisposition of a terrain to landslide 

development and assists in landscape planning and management through the identification of areas 

more prone to landslides (Huang & Zhao 2018; Kadavi et al. 2018; Pham & Prakash 2019; Nohani et 

al. 2019; Pham et al. 2020). These maps have been produced since the 1970s and landslide inventories 

are used in more than 80% of susceptibility studies (Reichenbach et al. 2018). The predictive capacity 

of susceptibility models based on statistical methods is dependent on the bases used for their 

generation, and landslide inventories are of fundamental importance for the creation of predictive 

models (Aditian et al. 2018; Huang & Zhao 2018; Pourghasemi et al. 2018; Kadavi et al. 2018; 

Nohani et al. 2019; Pham et al. 2020). 

The cartographic representation of features left in the landscape by old landslides usually 

occurs by the adoption of a vector symbology, in the form of points, lines or polygons. Its choice is 

arbitrary (Oliveira 2010) and will depend, principally, on the mapping scale, the objective of the 

inventory map, the availability of data, and the personal choice of the operator. The representation of 

landslides by lines presents an illustrative character and can be used to corroborate qualitatively the 

zones of highest susceptibility. Therefore, it has little practical use in the construction of statistically 

based predictive models.  

When the objective of the inventory is a susceptibility map, it is preferable to use points, or 

polygons. However, the influence of these graphical aspects on susceptibility statistics, is less debated 

than studies comparing different statistical modelling approaches. According to Oliveira et al. (2009), 

predictive models are more sensitive to the transformation of the input-dependent variable, that is, the 

inventoried features, than variation in statistical methods.  

When choosing to use polygons, it is possible to map only the rupture zone, excluding the 

accumulation zone from the analysis, or the entire moved unit, formed by the depletion and 

accumulation zone. In the first case, which is most common in the literature, the susceptibility models 

generated do not guarantee the modelling of the accumulation zones, which are essential in more 

detailed studies, since the propagation of unstable material can cause damage and harm (Garcia 2012).  

The second case may incur severe biases in the development of the statistical model, 

especially if a large part of the registered movement is present across a large distance, which is due to 

the inclusion in the model of dispensable parameters for the development of the phenomena being 
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investigated (Thiery et al. 2007). This becomes clear when a landslide moves under the influence of a 

specific lithological unit, located near the depletion zone, but due to the distance of impact being large, 

another lithological unit, which is not linked to the development of the movement, is incorporated in 

the analysis. Thus, although this procedure can allow the incorporation of the zones of impact in the 

analysis, it can also culminate in decreased statistical robustness of the model and, consequently, in the 

enlargement of the zone of high susceptibility. This fact is related to the lack of dependence between 

the factors of predisposition considered and the listed features (Barella 2016). 

The representation of listed features through points is usually easier and faster than polygons. 

This cartographic process is present in several mapping works (Aditian et al. 2018; Kadavi et al. 2018; 

Nohani et al. 2019; Pham et al. 2020). Generally, this arises because of the rapid attendance at 

landslides of the municipal civil defence, who allocate approximate coordinates in sheets and 

analogical spreadsheets, mainly in underdeveloped countries. When this cartographic representation is 

an option, and since the operator has at his disposal polygonal features, the points are commonly 

located in the centroids of the unstable regions due to the operational ease of doing this in geographic 

information systems (Zhu et al. 2018, Chen & Li 2020; Pham et al. 2020).  

Point-based and polygonal features both have advantages and disadvantages within a 

statistical approach of susceptibility analysis, and it is up to the operator to decide the feature capable 

of representing the landslide most accurately. The point approach promotes an analogous treatment 

between large and small sliding features, avoids the uncertainties related to the spatial delimitation of 

old features and/or features covered by dense vegetation, reduces the spatial correlation of dependent 

variables, and produces robust statistical models of susceptibility (Carrara 1993; Atkinson et al. 1998; 

Van Deneeckhaut et al. 2006; Thiery et al. 2007; Zêzere et al. 2009; Petschko et al. 2013; Heckmann 

et al. 2014; Petschko et al. 2014; Goetz et al. 2015).  

The polygonal approach represents the real way landslides occur in the landscape, produces 

more spatially concordant models when more than one statistical technique is used, does not ignore the 

effect of the magnitude of landslides in heterogeneous environments, and tends to produce more 

robust predictive results when the inventory presents broad and deep features (Guri et al. 2015; 

Oliveira et al. 2015; Zêzere et al. 2017; Barella et al. 2019). 

 

1.2 STUDY AREA 

 The study area is 46.77 km², located in the south eastern portion of Brazil, in the state of 

Minas Gerais, the central region of the municipality of Ouro Preto; the area’s elevation is between 

898.25 m and 1591.35 m; throughout the area, 57 landslide features were cataloged (Figure 1.1). In 
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Ouro Preto, the anthropic activity that has most modified the landscape and relief was mining, which 

occurred in the 18th century and severely affected the stability of many slopes (Sobreira & Fonseca 

2001; Sobreira 2014; Paula & Castro 2015; Xavier 2018).  

The relief of the region is intensely marked by structural control, where the presence of extensive 

erosive escarpments, ridges with ravine slopes and embedded valleys, as well as hilltops with flat 

bottom valleys occur (Fontes 1999). Approximately 53% of the relief is from hills with an altitude 

varying between 1591.35 and 898.25 meters. The highest mountains have an elevation of 693.1 meters 

in relation to the lowest part of the study area. The predominant slope is approximately 20° but 

exceeding 60° in places.  

 

 

Figure 1.1 - Location of the study area with Digital Elevation Model shaded on relief and the cataloged 

landslides features.  

 

Located in the southeast of the Iron Quadrangle, the region is composed predominantly of 

metamorphic rocks (e.g., phyllite, banded iron formation, quartzite, schist). Lithology is one of the 

main conditioning factors for the occurrence of landslides in the study area. The local rocks exhibit 

foliation that, when associated with the steep relief and high incidence of rainfall in the region, 

contributes to the occurrence of landslides. The schists of the Nova Lima group are highly altered, 

while the phyllites of the Piracicaba group have low resistance to denudational processes, and many 

constructions, which promote alterations in the relief (e.g., cuts and embankments, concentration of 
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surface water flows), are constructed over them (Castro 2006). In itabirites on the southern flank of the 

Ouro Preto mountain range, the most prominent geomorphologic domain in Figure 1, which is aligned 

predominantly in the E-W direction, thickening of much of the domain and older scars can be 

observed.  

Landslides in the study area are predominantly translational and are associated with structurally 

controlled failure mechanisms by weakness surfaces (Varnes 1978). These surfaces generally occur in 

three geostructural contexts (Barella et al. 2019): (i) contact between rock and residual soil or 

colluvium; (ii) structures in saprolitic soils (foliation or schistosity); and (iii) variation of shear 

strength of different lithological layers. 

 

1.3 OBJECTIVE 

The objective of this study was to evaluate the influence of the cartographic representation of 

landslides on the predictive capacity of statistical susceptibility models in a region marked by the 

occurrence of translational landslides of small and large magnitude. Specific objectives: 

- Assess the influence of the relationship between the magnitude of landslides and the punctual 

and polygonal cartographic representation on the predictive capacity of susceptibility models. 

- Assess the influence of the punctual and polygonal representation of landslides features in 

the partition of the dependent variables (train and test subgroups).  

- Assess the locational effect of the point along landslides of different magnitudes and the 

effect caused on the predictive capacity of susceptibility models. 
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  CHAPTER 2 

2 GEOLOGICAL CONTEXT 

 

2.1 REGIONAL GEOTECTONIC CONTEXT 

The Iron Quadrangle (IQ) is in the southern region of the São Francisco Craton (SFC) and is 

surrounded by verging orogenetic belts to its interior (Rossi 2014). The IQ is composed of two 

tectonic environments (Rossi 2014; Almeida 1977): SFC and the Araçuaí Belt. The SFC is tectonically 

classified as a stable region, where erosive processes predominate without the formation of new 

mountain ranges. It has not undergone significant tectonic deformations since the Paleoproterozoic 

and its formation occurred at approximately 2 Ga, at the end of the Trans-Amazonian Cycle (Barbosa 

& Barbosa 2017). The Araçuaí Belt is one of the regions around the SFC; its fold and thrust belts were 

originated from epigenetic movements that occurred during the Brasiliano orogeny cycle (Almeida 

1977). The study area region is in IQ’s southeast; it is composed of neo-Archean greenstone belts that 

are surrounded by gneiss complexes overlaid by Paleoproterozoic metasedimentary rocks. 

 

2.2 STRATIGRAPHY 

The stratigraphic units in the IQ region have ages varying from the Archean to the Proterozoic 

(Carneiro et al. 1995). The oldest layers are composed of crystalline rocks, followed by the deposition 

of three units: the Archean meta-volcanosedimentary sequence Rio das Velhas Supergroup, the 

Paleoproterozoic Minas Supergroup, and the Itacolomi Group (Rossi 2014; Alkmim & Marshak 1998; 

Dorr 1969). On a regional scale, the following larger groups can be defined (Lobato et al. 2005): (i) 

Archean granite-gneissic terrains, (ii) Archean volcanic-sedimentary sequences, (iii) Proterozoic 

sedimentary and volcanic-sedimentary cover sequences, and (iv) sedimentary recent coverings. Figure 

2.1 shows the geological map of the study area, while Table 2.1 is a simplified stratigraphic chart. 
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Figure 2.1 - Simplified geological map of the study area. 

 

Table 2.1 - Simplified stratigraphic chart (modified from Alkmim & Marshak 1998). 

Supergroup Group Formation 

 Itacolomi  

Minas 

Sabará  

Piracicaba 

Barreiro 

Taboões 

Fecho do Funil 

Cercadinho 

Itabira 
Gandarela 

Cauê 

Caraça 
Batatal 

Moeda 

Rio das Velhas Nova Lima 
Córrego da Paina Unit 

Catarina Mendes Unit 

Metamorphic Complexes   
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2.2.1 Archean Granite-Gneissic terrains 

The IQ’s basement is composed of Archean crystalline rocks (Rossi 2014) and it is divided 

into complexes: Bonfim (Machado & Carneiro 1992), Belo Horizonte (Machado & Noce 1993), 

Caeté, Santa Bárbara and Bação (Machado et al. 1992). The basement is polyphasic deformed and the 

metamorphism was medium to superior amphibolite facies conditions, followed by greenschist facies 

conditions (Rossi 2014). The unit is mainly composed of orthogneisses, granites, granodiorites, 

amphibolites, and intrusions of mafic and ultramafic rocks (Herz 1970; Carneiro 1992). The basement 

rocks are isotropic or foliated, and it occasionally has secondary structures (Rossi 2014). In the study 

area, there are no outcrops of this unit. 

 

2.2.2 Rio das Velhas Supergroup 

The Rio das Velhas Supergroup is composed of meta-volcanosedimentary sequences that 

characterize the Archean greenstone-belt (Machado et al. 1989, 1992; Dorr 1969). This supergroup 

occurs across the east-southeast border of the SFC. It is tectonically disposed above the granite-

gneissic Archean unit (Almeida 2004) and its rocks are mainly shales generated from hydrothermal 

alterations and metamorphism of mafic and ultramafic rocks or sediments (Hasui et al. 2012; 

Zucchetti et al. 2000). 

 

2.2.3 Nova Lima Group 

The Nova Lima Group is mainly composed of shales with wide lithological variability and 

different stratification patterns (Fontes 2011). The group comprises metasedimentary rocks of 

carbonate and siliciclastic composition as well as banded iron formations (BIFs) of the Algoma type 

(Rossi 2014). The group's lithologies are mainly in the north of the study area. The shales of the Nova 

Lima Group exhibit high degrees of weathering and patterns of anisotropy. Due to these and other 

characteristics, these rocks are sensitive to the occurrence of landslides (Xavier 2018; Fontes 2011). 

The Córrego da Paina and Catarina Mendes units are outcrops in the study area. 

 

2.2.4 Minas Supergroup 

The Minas Supergroup is a Paleoproterozoic meta-sedimentary sequence; it and Rio das 

Velhas Supergroup contact has an angular unconformity (Rossi 2014; Dorr 1969). Its rocks are mainly 

composed of clastic and chemical sediments from the erosion of the granite-gneiss complex and the 

Rio das Velhas Supergroup (Hasui et al. 2012). Trans-Amazonian and Brasiliano orogeny cycles are 
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responsible for generating mountain ranges and metamorphosing the Minas Soupergroup’s 

sedimentary rocks (Alderete 2020; Hurley et al. 1967). Its stratigraphic organization is constituted by 

shales, quartzites, dolomites, and BIFs, being divided into five large units (Rossi 2014; Dorr 1969; 

Almeida 2004): clastic sediments from the Tamanduá Group, clastic sediments from the Caraça 

Group, chemical sediments from the Itabira Group, clastic and chemical sediments from the Piracicaba 

Group, and flysh sediments from the Sabará Group. 

 

2.2.5 Caraça Group 

The Caraça Group is composed of the Moeda and Batatal formations. The Moeda Formation is 

composed predominantly of metaconglomerates, phyllites, and quartzites with varying sericite content 

(Rossi 2014; Dorr 1969). The Batatal formation is mainly composed of phyllites and BIFs (Maxwell 

1958; Dorr 1969). The rocks of these units are in the hills of the study area’s north. Quartzites tend to 

break in form of plates due to their well-defined schistosity (i.e., translational landslide, topple, or 

rockfall). Furthermore, the phyllites are relevant in the geological-geotechnical context of the area 

because its low resistance to weathering and low permeability (Sobreira & Araújo 1992). 

 

2.2.6 Itabira Group 

The Itabira Group is composed of the Cauê and Gandarela formations (Dorr 1969). The Cauê 

Formation is composed of BIFs, as well as phyllite and marl lenses (Machado et al 1996; Dorr 1969). 

The Gandarela Formation is gradually superimposed on the Cauê Formation (Dorr 1969) and it is 

composed mainly of dolomitic marbles, BIFs, and phyllites (Hasui et al. 2012). The Cauê Formation 

appears geomorphologically as convex profile slopes on the Ouro Preto´s hill, these slopes tend to be 

covered by a limonitic cover (as a result of in situ weathering); furthermore, they are highly vulnerable 

to water erosion (Fontes 2011). In theory, the BIFs of this unit is not overly sensitive to the occurrence 

of mass wasting, however, due to weathering and contact with other less permeable units, they become 

very susceptible to events (Ferreira 2018; Xavier 2018). The Gandarela Formation generally occurs in 

the bottom of valleys, tending to form steep walls on the study area’s east. 

 

2.2.7 Piracicaba Group 

The Piracicaba Group is a clastic sequence, divided from the bottom to the top in the 

Cercadinho, Fecho do Funil, Taboões, and Barreiro formations (Rossi 2014; Dorr et al. 1957). The 

Cercadinho Formation’s lithologies are silver phyllite, dolomitic phyllite, ferruginous phyllite, 
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quartzite, ferruginous quartzite, and dolomite (Rossi 2014; Dorr 1969). The alternation between 

quartzite and phyllite packages is a characteristic of this unit (Aderete 2020; Fontes 2011). The areas 

in which the quartzites of this unit predominate are very weathered and in escarpment relief, while 

those that predominate phyllites tend to more depressed reliefs. The ferruginous quartzite and silver 

phyllite of this unit have a low resistance to denudation processes (Xavier 2018; Sobreira & Araújo 

1992). The Feixo do Funil Formation is composed of dolomitic phyllites, phyllites, and dolomite 

lenses (Alderete 2020; Rossi 2014; Simmons 1968). The Taboões and Barreiro Formations are 

predominantly composed of quartzites and graphite phyllites respectively (Alderete 2020; Rossi 2014; 

Pomerene 1958a; Pomerene 1958b). The quartzites of the Barreiro Formation are discontinuous, 

weathered and of low resistance; thus, this is a formation sensitive to wasting processes (Xavier 2018; 

Sobreira & Araújo 1992). 

 

2.2.8 Sabará Group 

The Sabará Group has a thickness of 3.5 km, being the thickest sequence of the Minas 

Supergroup (Alderete 2020; Reis et al. 2002). It consists of shales, phyllites, metarenites, 

metavolcanoclastics, metaconglomerates, and metadiamictites (Rossi 2014). It is the sequence with the 

greatest spatial distribution throughout the study area. The existence of embankments without signs of 

instability, with vertical cutting slopes of more than 10 meters in height, indicates low susceptibility of 

the rocks of this group to mass wasting processes (Fontes 2011). However, if the dip direction of the 

foliation is in the same direction of these cutting slopes it will make the embankments of this and other 

units overly sensitive to mass wasting processes (Ferreira 2018; Fernandes & Amaral 1996). 

 

2.2.9 Itacolomi Group 

The Itacolomi Group is the unit that constitutes the top of the region's stratigraphic sequence 

(Dorr 1969). The main rocks in this unit are quartzites, metaconglomerates, and phyllites (Alkimim & 

Martins-Neto 2012). The Itacolomi Group contact with the Sabará, Barreiro, and Fecho do Funil units 

has an angular unconformity (Rossi 2014). The rocks of this group occur in the southern region of the 

study area, in the form of large outcrops. A dike across the rocks of the Itacolomi group and even 

some of the Minas Supergroup is a representative structure in the stability of the slopes of the area 

(Fontes 2011). 
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2.2.10 Recent covers 

Residual deposits are mainly represented in the area by alluvial bodies located in the north of 

the study area, along the slopes of the Ouro Preto’s hill. Recent debris deposits are represented by 

canga, cementless ferruginous debris, laterites, and colluvial soils; they have greater spatial 

distribution in the study area’s southwest. Lateritic deposits that are mainly in the plateaus partially 

cover the formations of the region (Ferreira 2018; CPRM 2016). 

 

 

 



 

CHAPTER 3 

3 SUSCEPTIBILITY 

 

3.1 INTRODUCTION 

Susceptibility is the predisposition to the occurrence of phenomena given the characteristics of 

a given area (Guzzetti et al. 2006; Sobreira & Souza 2012). In the context of studies of gravitational 

mass movements, the analysis of susceptibility is referred to as the study of prediction of unstable 

areas (Tominaga 2007; Barella 2016). Therefore, it is related to the natural potential of an area to 

trigger geodynamic events based on the characteristics of the physical environment, although the 

consequences of the events are disregarded in the analysis (Sobreira & Souza 2012; Barella 2016). 

There are several definitions given to the term in the context of mass gravitational movements, some 

of them are shown in Table 3.1. 

Table 3.1 - Concepts of susceptibility. Adapted from Corteletti (2017).  

Autor Definition of Susceptibility 

Zuquette (1993) The possibility of a landslide occurring in an 

area based on terrain conditions. 

Susceptibility does not explicitly consider the 

probability of occurrence, which also 

depends on the recurrence of triggering 

factors, such as precipitations or earthquakes. 

Fell (1994) It refers to the possibility of a landslide 

occurrence in an area based on terrain 

conditions. Susceptibility does not explicitly 

consider the probability of occurrence, which 

also depends on the recurrence of trigger 

factors, such as precipitations or earthquakes. 

Soeters & van Westen (1996) The propensity of a given area to be affected 

by a (certain type) of landslide, based solely 

on terrain conditions. It does not give the 

probability of occurrence of the phenomena. 
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ISSMGE TC32 (2004) - Glossary of Risk 

Assessment Terms 

It involves the classification of an area (or 

volume and spatial distribution) and its 

potential for landslides. It can also include a 

description of scattering distance, speed, and 

intensity of the occurred or potential 

landslide. 

Zêzere et al. (2005) The spatial probability of occurrence of a 

given phenomenon in an area considering the 

conditioning factors existing on the ground, 

regardless of its recurrence period; that is, the 

susceptibility reflects a spatial but not a 

temporal probability. 

AGS (2007) - Australian Geomechanics 

Society 

The quantitative or qualitative assessment of 

classification, volume (or area), and spatial 

distribution of occurred or potential 

landslides. Susceptibility may also include a 

description of the speed and intensity of 

existing or potential landslides. 

USGS (2008) - States Geological Survey The possibility that a landslide will occur in 

an area based on terrain conditions. 

Susceptibility does not explicitly consider the 

probability of occurrence, which also 

depends on the recurrence of trigger factors, 

such as precipitations or earthquakes. 

 

3.2 LANDSLIDE SUSCEPTIBILITY MAPPING 

The landslide susceptibility mapping provides spatial predictability of the occurrence of one or 

more geodynamic events, showing areas with greater or lesser ability to host these phenomena 

regardless of temporal probabilities (Barella 2016). The maps are developed at various scales and their 

product can guide decision-making by public agencies, such as directing detailed studies. Barredo et 

al. (2000) indicate average scales between 1:25,000 and 1:50,000 for the application of statistical 
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susceptibility methods, while Julião et al. (2009) recommend scales ranging from 1:10,000 to 

1:25,000. In France, the standard scale adopted is 1:10,000 (Thiery et al. 2007). In Brazil, the 

susceptibility maps which use a mixture of qualitative and quantitative methods are mostly developed 

on scales ranging from 1:25,000 to 1:50,000 (CPRM 2016). 

The methodologies applied to the susceptibility mapping can be classified into qualitative or 

quantitative and branched into two forms of analysis, as shown in Figure 3.1 (Soeters & van Westen 

1996; Aleotty & Chowdury 1999): 

 

Figure 3.1 - Classification of susceptibility mapping methodologies. Adapted from Soeters & van Westen 

(1996) and Aleotty & Chowdury (1999). 

 

3.3 QUALITATIVE METHODS 

Due to the high subjectivity of qualitative methods, the robustness of susceptibility models 

produced is related to the experience of the professional in charge. The input data is generally derived 

from fieldwork and photointerpretation (Aleotty & Chowdury 1999; Barella 2016; Guzzetti et al. 

1999; Rosa 2018; Soeters & van Westen 1996; Xavier 2018). The procedures applied to this 

methodology can be classified into two major groups: Geomorphological Analysis and Heuristic 

Method. 

 

3.3.1 Geomorphological Analysis 

The geomorphological analysis is the definition of susceptibility classes in the fieldwork. 

Although its application is simple and objective, it presents enormous subjectivity (Soeters & van 

Westen 1996; Guzzetti et al. 1999). This methodology has been applied since the 1970s due to the 

ease of data acquisition, the possibility of application at different scales, and the lack of specific 

software (Aleotti & Chowdhury 1999; Xavier 2018). However, with the advent of map algebra and the 

Susceptibility Mapping Methodologies
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Methods
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Methods
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Method



 

Araujo Junior, J. A. 2020, Influence of cartographic representation of landslides’ features on susceptibility models: Analysis 

of shallow and deep translational slides in the region of Ouro Preto/MG, Brazil 

 

14 

 

popularization of computers and software that operate using Geographic Information Systems, this 

technique has been replaced by less toilsome techniques. 

 

3.3.2 Heuristic Method 

The heuristic method consists of assigning weights to predefined cartographic bases followed 

by map algebra. Although subjective, this methodology is an indirect approach. The product will be 

conditioned to the weight given to each combined parameter (Guzzetti et al. 1999; Fernandes et al. 

2001). Due to the subjectivity of the weights attributed to the parameters, in a detailed scale, some 

unacceptable generalizations can occur; therefore, less detailed scales (ranging from 1:100,000 to 

1:25,000) are recommended for the application of this method (Barella 2016). 

 

3.4 QUANTITATIVE METHODS 

Quantitative methods were developed to decrease the professional's intervention throughout 

the process; thus, errors of interpretation attributed to the professional's experience are minimized. The 

procedures applied to this methodology can be classified into two major groups: Deterministic 

Methods and Statistical Methods. 

 

3.4.1 Deterministic Methods 

Deterministic methods are based on numerical models derived from physical properties related 

to the studied process. The most applied types of analysis in this method are: (i) Limit Equilibrium 

Method, (ii) Finite Element Method, and (iii) Boundary Element Method. The main outcome of a 

deterministic analysis in slope stability is the safety factor, which can be performed in two or three 

dimensions. The needed parameters to run these analyses are mainly dependent on the chosen failure 

criteria and drainage conditions. Deterministic techniques are correctly applied on a high-detail scale 

(Gomes et al. 2005) given the great variability of parameters according to location, depth, layer, 

geological structures, or even the load history. In embankments, the result of a deterministic analysis 

guides mainly in determining the application of support systems as well as determining the face angle 

of the embankments and berm sizes. The application sectors are diverse, exemplified: mining and 

enterprise. For the creation of a susceptibility map based on deterministic methods, Aleotti & 

Chowdhury (1999) recommend individual analysis per slope and later compilation of the results 

spatially. Some specific models can be applied for the analysis of landslides in large areas, with 



Trabalho de Conclusão de Curso, n. 389, 69p. 2021. 

 

15 

 

emphasis on the SHALSTAB (Montgomery & Dietrich 1994), SINMAP (Pack et al. 1998), and 

TRIGRS (Baum et al. 2002) models. 

 

3.4.2 Statistical Methods 

Statistical methods are based on the principle that the same parameters that influenced the 

occurrence of landslides in the past, will influence new events in the future (Aleotti & Chowdhury 

1999; Guzzetti et al. 1999; Fell et al. 2008). These methods generate indirect and quantitative models 

that establish spatial correlations between events and instability parameters (Guzzetti et al. 1999). 

Thus, they promote impersonality in assigning weight to predisposing factors. Furthermore, the 

possibility of validating the importance of each conditioning factor and the susceptibility model itself 

adds robustness to the models produced (Pereira, 2009; Piedade, 2009). However, the statistical 

approach does not completely remove the subjectivity of the susceptibility models since the choice of 

parameters and the form of cartographic representation of the inventories is made by the professional 

in charge. 

Despite the robustness of statistical methods, Thiery et al. (2007) and van Westen et al. (2003) state 

that the independence of the prediction variables does not match, in most cases, the reality of the 

terrain. However, once the combination of the dependent parameters is performed to produce an 

independent factor, this disadvantage of statistical approaches can be avoided. Another disadvantage is 

the application of the same integration and hierarchy of predisposing factors across the study area, a 

fact that also does not match the reality of most terrains (Barella 2016; Xavier 2018). 

Statistical analysis is widely applied in susceptibility studies and models with high predictive capacity 

are often obtained (Reichenbach et al. 2018). Soeters & van Westen (1996) indicate the use of this 

approach on a scale of 1:25,000; however, van Westen (2000) recommends the use on a scale of up to 

1:50,000. In these susceptibility studies, multivariate and bivariate analyses are employed. 

Multivariate analysis adds to the construction of susceptibility models the interaction between 

predisposing factors (Suzen & Doyuran 2004). For landslides, this methodology was applied firstly in 

the zoning of Italy (Soeters & van Westen 1996); however, it was already widespread in studies of 

mineral and oil exploration (Carrara 1993). The most applied models end with Discriminant Analysis, 

Linear Regression, Logistic Regression, and Neural Networks. According to Barella (2016) for the 

application of multivariate analysis in the landslide susceptibility mapping, the following steps should 

be followed: (1) selection and mapping of the conditioning factors and elaboration of a map of 

landslide inventory in the study area; (2) screening of samples affected and not affected by landslides 

using the features cataloged in the inventory; (3) overlapping the predisposing parameter maps with 

the defined samples; (4) based on binary sampling (stable/unstable), elaborate a presence/absence 
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relationship for each class of each parameter; (5) application of a multivariate statistical model; (6) 

categorization of susceptibility classes, based on the reclassification of land units. 

In bivariate analysis, the weighting value is obtained statistically by overlapping conditioning factors 

and the inventory of landslides; thus, the weighting is performed by calculating the landslide density 

for each class of each parameter. The bivariate methodology can be summarized according to the 

stages (Aleotti & Chowdhury 1999): (1) choice of parameters that condition the events; (2) 

subdivision of the chosen parameters in classes; (3) preparation of an inventory map; (4) overlapping 

the parameter maps with the inventory map; (5) assignment of the weights of importance for each 

class of each parameter according to the landslide density calculation; (6) integration of the 

cartographic bases of the parameters with subsequent integration of the susceptibility classes. To 

calculate the weighting values, several bivariate methodologies are used, the most well-known ones 

are Likelihood ratio, Informational Value and Evidence Weights, and Favorability Functions 

(Corominas et al. 2014). 
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CHAPTER 4 

4 METHODOLOGY 

 

4.1 LITERATURE REVIEW 

Texts and articles with themes related to landslide susceptibility mapping, local and regional 

geology as well as landslide volume assessment were used as a reference in this work. 

 

4.2 LANDSLIDE INVENTORY 

The preparation of a landslide inventory involved the aerial assessment of 57 slide features 

using a rotating wing Unmanned Aerial Vehicle (UAV) (DJI Phantom 3 Advanced). Rotating wing 

UAVs feature stability, low cost and, in general, quality pictures, and are easily operated in hard-to-

reach regions (Akturk & Altunel 2019). Because a highly reliable landslide inventory was desired, 

only those features that preserved volumetric proportions similar to the actual volume of the event 

were catalogued. Scars with advanced erosion, resloping or covered by dense vegetation were not 

considered.  

The images obtained with the UAV were collected with the help of the DroneDeploy software. 

The following parameters were considered in the survey: (i) landslide features were positioned in the 

centre of the flight paths to minimize edge errors; (ii) the average flight height was 120 meters above 

ground level. Thus, the superimposed images had more points of similarity for processing. Given the 

flight height and the characteristics of the UAV digital camera, the average resolution of the images 

was 5.1 cm/pixel; (iii) the average flight speed varied according to the available luminosity during 

mapping, ranging between 9 m/s on cloudy days and 11 m/s on sunny days; and (iv) the average 

overlap of images was 80% (vertical) and 80% (horizontal). Images were processed with the Agisoft 

PhotoScan software, allowing the digital terrain model (DTM) (Figure 1.2A), orthophotos (Figure 

1.2B), and displaced volume from the rupture zone to be calculated from the landslide’s features. On 

average, the error along the X, Y, Z axes was 1.1 m, 2.6 m and 0.5 m, respectively.  
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Figure 4.1 - Example of the information obtained from the processing of the airborne data. (A) DTM, (B) 

Orthophoto. 

 

The polygonal cartographic delimitation of landslide features was performed in ArcGIS 10.3 

software from the orthomosaics produced. For each vectorized feature, the area of the rupture zone 

was calculated. Thus, the inventory of landslides produced presents, besides the spatial location of the 

events, alphanumeric information regarding the area of the rupture zone and the volume mobilized. 

From these data, a regression curve was generated (Rice et al. 1969; Innes 1983; Guthrie & Evans 

2004; Korup 2005; Imaizumi & Sidle 2007; Imaizumi et al. 2007; Guzzetti et al. 2006, 2009), 

allowing the future determination of the volume of any landslide that occurs in the region from 

determination of its area. 

 

4.3 LANDSLIDE CONDITIONING FACTORS 

The choice of landslide conditioning factors for the construction of statistical susceptibility 

models is dependent on the characteristics of the study area and data availability, and relevant factors 

in one area may not be relevant in another (Shahabi & Hashim 2015). However, some landslide 

conditioning factors, including slope aspect, lithology, soils, land use and land cover, among others, 

are constantly found in a variety of studies (Corominas et al. 2014; Achour et al. 2017; Pham et al. 

2018; Barella et al. 2019; Xiao et al. 2020). Pereira et al. (2012) demonstrated that robust landslide 

susceptibility models can be obtained using few parameters, which contributes to a greater conditional 

independence of the models. The following factors were chosen for the study area: lithological units, 

slope angle, geomorphological units, slope aspect, and land use. 
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Slope angle (Figure 1.3B) is one of the most important parameters used in the analysis of 

gravitational mass movements (Corominas et al. 2014; Ba et al. 2017; Schlögel et al. 2018; Pham et 

al. 2018; Aditian et al. 2018; Amato et al. 2019; Li et al. 2019; Nohani et al. 2019). In the present 

study area, inclination ranged from 0° to 65.3°, using classes of 5° amplitude. Slope aspect (Figure 

1.3D) was classified based on azimuth in cardinal and collateral points. This parameter influences 

local soil moisture content, weathering and vegetation growth (Camilo et al. 2017; Shirzadi et al. 

2017; Wang et al. 2017; Zêzere et al. 2017; Sun et al. 2020; Chen & Li 2020), in addition to 

correlating with the containment of slope discontinuities. 

The geological map of the study area (Lobato et al. 2005) was regrouped in lithological units 

based on stability inferences (Varnes et al. 1984), not necessarily respecting the stratigraphic division 

defined by Dorr (1969). Thus, the lithology was divided into six lithological units (Figure 1.3A) 

grouping rock types with similar geotechnical behaviour: phyllites (LUn 1); banded iron formation 

(BIF) (LUn 2); quartzite (LUn 3); schist (LUn 4); dyke (LUn 5); and dolomite (LUn 6).  

The Geomorphological Units (GU) (Figure 1.3C) is often associated with the occurrence of 

landslides (Süzen & Doyuran 2004; Bǎlteanu et al. 2010; Chen et al. 2016; Aditian et al. 2018). 

Geomorphological Units were divided into 5 units (Ponçano et al. 1979): hilltop relief (GU 1), hilly 

relief with smooth slopes (GU 2), hilly relief (GU 3), hill relief (GU 4) and mountain relief (GU 5). 

Land use is another important landslide conditioning factor, as it is related to human interference, 

which may affect slope stability (Pereira et al. 2012; Zêzere et al. 2017; Pourghasemi et al. 2018; 

Schlögel et al. 2018; Nohani et al. 2019; Sun et al. 2020; Chen & Li 2020). This parameter was 

divided into 11 classes (Figure 1.3E): industrial and/or commercial area (LUs 1), university centre 

(LUs 2), lagoon (LUs 3), mining (LUs 4), urban occupation of high (LUs 5), normal (LUs 6) and low 

(LUs 7) construction patterns, exposed rock (LUs 8), exposed soil (LUs 9), and high (LUs 10) and low 

(LUs 11) vegetation cover. 
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Figure 4.2 - Conditioning factors used in the construction of susceptibility models. (A) Lithological Units, (B) 

Slope Angle, (C) Geomorphological Units, (D) Slope Aspect, and (E) Land Use. These images are in higher 

resolution in the appendix. 

 

4.4 LANDSLIDE SUSCEPTIBILITY MODELS 

Landslide susceptibility models are created with different combinations of parameters to 

determine their interrelationship with the landslide’s distribution (Pardeshi et al. 2013). Therefore, it is 

important to use devices to produce autonomous landslide subgroups (training and test samples) to 
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assess the quality of the produced models (Chung & Fabbri 2003). The inventory of landslides was 

randomly divided 50 times between the training and test groups, with a fixed the proportion 70%/30% 

in all divisions, respectively. A designation of 2/3 of the data to compose the training set and reserve 

1/3 to structure the validation set (Kohavi 1996) has been commonly applied in previous studies. 

Using the volumetric data of the landslide features as a metric to characterise the magnitude of 

past events, three divisions were selected to be statistically modelled among the 50 divisions of the 

inventory. There were: (i) balanced division (training and test groups with the most similar volumes 

found); (ii) unbalanced division 1 (predominance of the largest volumes in the test group); and (iii) 

unbalanced division 2 (predominance of the largest volumes in the training group). Table 1.1 presents 

the mean, the largest and the smallest volume, and area of the landslides of the three selected 

divisions.  

Table 4.1 - Inventory shares between the training (70%) and test (30%) groups as a function of the volume 

mobilized in the mapped landslides features. 

 
Volume (m³) Area (m²) 

Training Test Training Test 

Balanced (smaller difference between training and test 

volumes) 

Minimum 1.5 22.3 4.6 44.9 

Average 27710.4 31785.4 2952.4 4112.3 

Maximum 768657.1 476542.7 51681.0 50879.8 

Unbalanced 1 (test containing the largest volumes) 

Minimum 1.5 35.9 4.6 47.3 

Average 5962.0 82958.1 1527.9 7463.9 

Maximum 107091.9 768657.1 17416.0 51681.0  

Unbalanced 2 (training containing the largest volumes) 

Minimum 1.5 4.0 4.6 9.8 

Average 40507.4 1674.9 4469.9 541.6 

Maximum 768657.1 14239.8 51681.0 3713.3 

 

Based on the three partitions selected from the polygonal format inventory, another five point 

inventories were built based on the same mapped landslide features, one with the allocation of a point 

vector in the centre of mass of the landslides and another four with random points distributed inside 

the features (Figure 1.4). Thus, the landslides were represented in the form of polygon and points, and 

the susceptibility models developed took into consideration the six adopted cartographic 

representations (polygon, point in the centre of mass of the slide features, and random points 

distributed inside the slide features). 18 susceptibility models were produced from the combination of 

the three divisions selected among the training and test groups and the six cartographic representations 
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of the landslide inventory. The assessment of random point vector dispersion was measured by the 

Euclidean distance of the points in relation to the landslides’ centres of mass and by the predominant 

spatial location within the mapped slide features (NW, NE, SW and SE quadrants). 

 

 

Figure 4.3 - Example of the distribution of points inside the landslide features 

 

Construction of the models was done using the informative value equation (1), which is a 

simple, intelligible and effective bivariate statistical approach, widely used in the construction of 

landslide susceptibility maps (Zêzere 2002; Pereira et al. 2012; Pardeshi et al. 2013; Oliveira et al. 

2015; Chen et al. 2016; Pereira et al. 2017; Du et al. 2017; Ba et al. 2017; Sharma & Mahajan 2018; 

Banerjee et al. 2018; Li et al. 2019): 

 

 

(1) 

 

where, 𝑉𝐼𝑖= Informative Value of variable i (parameter class); 𝑆𝑖= Number of plot units of 

variable i with landslides; 𝑁𝑖 = Number of plot units of variable i; S = Total number of plot units with 

landslides; N = Total number of plot units of study area. When 𝑉𝐼𝑖 is positive, the variable i is relevant 
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to explain the spatial distribution of the landslide. The degree of importance of the variable increases 

with increasing score. 

After calculating the VI for each class, of each conditioning factor, rasters derived from these 

values were superimposed in a GIS environment to obtain the Landslide Susceptibility Index (LSI). 

The LSI was calculated from the sum of the informative value of the pixels of the conditioning factors 

equation (2). 

 

𝐿𝑆𝐼𝑗 = ∑ 𝑋𝑗𝑖 × 𝑉𝐼𝑖

𝑀

𝑖=1

 

(2) 

where, 𝑋𝑖𝑗=1 if variable i exists in pixel j and 0 if variable i does not exist in pixel j; M = 

number of variables considered. 

Validation of the susceptibility models was performed by calculating the area under the 

success rate curve (Chung & Fabbri 1999, 2003). The success curve measures the degree of fit of the 

model to the training inventory, while the prediction curve measures the fit to the test inventory 

(Zêzere et al. 2017). Thus, this curve evaluates the model's ability to predict new landslides. In both 

cases, the steeper the curve, the higher the area under the curve (AUC) and the better the model's 

ability to describe the distribution of a landslide (Chung & Fabbri 2003; Blahut et al. 2010; Corominas 

& Mavrouli 2011).  

As the model is applied to the training data, it is expected that the success curve will always be 

higher than the prediction curve (Chung & Fabbri 2003). However, this pattern is not always observed. 

Thus, to produce more conservative susceptibility models for the study area, the worst performance 

between success and prediction rates should be classified. This decision tends to produce models with 

larger areas of high susceptibility but is safer when used to predict future landslides.  

Of the 18 models produced, only two models from each of the divisions adopted among the 

training and test subgroups (balanced, unbalanced 1, and unbalanced 2) were classified. These models 

present the most discrepant validation results obtained in the present study (the best and worst models 

of each division). For the classification, the following predictive abilities to find future landslides were 

adopted: 80% (high susceptibility class), 15% (medium susceptibility class), and 5% (low 

susceptibility class). The smallest area below the curve between the success and prediction curves was 

adopted in this stage. These models were compared with the objective of evaluating the lack of spatial 
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agreement produced as a function of the cartographic representation adopted for the dependent 

variables. 

All the methodological steps developed, and data used, are presented in a simplified flowchart 

(Figure 1.5). 

 

 

Figure 4.4 - Simplified flowchart of developed methodological activities. 



 

CHAPTER 5 

5 RESULTS AND DISCUSSION 

 

5.1 INTRODUCTION 

If conditioning factors have different degrees of influence on landslides of small and large 

magnitude (Constantin et al. 2011; Zizioli et al. 2013; Nhu et al. 2020), the volumes and areas of the 

listed landslides features were determined, then a statistical correlation between area and volume for 

the study area was established (Figure 4.1). The correlation calculated equation (3) was highly 

significant (R² = 0.9687) and can be applied to any area with similar geological and geomorphological 

features to identify the volume of landslides with area ranging from 4.6 to 51.681,0 m²: 

𝑉 = 0.1954 × 𝐴1.3623 

(3) 

where, V = Volume of landslide and A = area of the landslide feature. 

 

Figure 5.1 - Correlation of the area and volume of landslides in the study area 
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5.1.1 Well-balanced Division 

When the sample space partition was balanced, the best performance (success and prediction 

rate curves) was found when the mapping features were polygonal (Table 4.1). The simulation 

performed with point features located in the centre of mass of the landslides showed a slightly lower 

performance than some simulations performed with random points distributed within the landslide 

(M2 and M4). Therefore, the randomness in the distribution of the point features within the landslides’ 

scars did not negatively influence the result. 

Table 5.1 - Well-balanced random sample. 

Model Landslide feature Success-rate curve (training) Prediction-rate curve (test)  

M1 Polygon  0.934 0.961  

M2 Centralized point  0.871 0.851  

M3 Random point features 1 0.850 0.867  

M4 Random point features 2 0.877 0.855  

M5 Random point features 3 0.864 0.848  

M6 Random point features 4 0.861 0.921  

 

Among the models developed with point cartographic features, the best result was observed in M6. 

This model presented a similar spatial dispersal of points between the training and test subgroups 

(Figure 4.2). On average, the points were closer to the centres of mass and their locations were 

predominantly in the NW and NE quadrants. The worst result was observed in M5. This model 

presented a more discrepant randomness compared to M6. It showed a higher distance to the centres of 

mass in the training subgroup data, with a slightly predominant location in the NW and NE quadrants. 

In contrast, data from the test subgroup of this model showed a reduction in distance to centres of 

mass and were preferentially located in the SE quadrant. M3 presented a validation result very close to 

M5, but with an inversion in the results of the areas below the success and prediction curve. The 

distance to the centres of mass of M3 and M5 was also similar in the training and test groups. In the 

training subgroups, M3 exhibited a higher concentration of points in the SW quadrant, while M5 

exhibited a higher concentration in the NE quadrant. However, in the test subgroups, M3 presented a 

balanced dispersion of points in the quadrants, while M5 points were concentrated in the SE quadrant. 
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Figure 5.2 - Spatial distribution of the random points of the balanced partition. 

 

Analysis of the influence of conditioning factors on the development of the investigated 

landslides according to the adopted cartographic representation revealed variations in the scores, 

although common trends were observed among all susceptibility models produced. For the evaluation 

of the scores, models with higher and lower robustness (M1 and M5), based on the AUC values are 

highlighted. The classes of the most influential conditioning factors were maintained, except for 

geomorphological units. Another large discrepancy was also found in the slope aspect. 

The model that adopted polygonal cartographic representation (M1) was influenced by the 

following conditioning factors: quartzite (IV = 1.294) and dolomite (IV = 0.126) lithological units; 

slope ranging from 25° to 60°, with the highest and lowest scores found in the 50°-55° (IV = 3.155) 

and 25°-30° (IV = 0.083) ranges, respectively; geomorphologic unit of mountainous relief (IV = 

1.040), which contained scars of large volume in the training subgroup; slopes oriented to S (IV = 

0.768) and SO (IV = 1.100); and land use characterised as low vegetation (IV = 0.569). In turn, the 

model that adopted the random point representation 3 (M5) was influenced by the following 

conditioning factors: lithological units of quartzite (IV = 0.718), dolomite (IV = 0.461), and phyllite 

(IV = 0.034); slope ranging from 25° to 55°, with the highest and lowest scores in the 50°-55° (IV = 

2.838) and 25°-30° (IV = 0.790) ranges, respectively; hilly (IV = 0.558) and hill geomorphological 

units (IV = 0.276); slopes oriented to N (IV = 0.116), NE (IV = 0.195), E (IV = 0.015), SO (IV = 

0.526), and O (IV = 0.233); and land use characterised as low vegetation (IV = 0.479). Figure 4.3 

presents the classified susceptibility maps for these models. 
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Figure 5.3 - Classified susceptibility maps for models that used (A) polygonal (M1) and (B) random spot 3 (M5) 

representation. These images are in higher resolution in the appendix. 

The susceptibility map classified from the polygonal features training subgroup has high, 

medium and low susceptibility classes accounting for 9.92%, 18.25% and 71.83% of the study area, 

respectively (Figure 4.3A). The map classified from the randomized point representation of test 

subgroup 3 (M5) has high, medium and low susceptibility classes, accounting for 13.90%, 77.11% and 

8.98% of the territory, respectively (Figure 4.3B). The maps of these models have a spatial 

discrepancy of 71.83% among the adopted susceptibility classes. There was an increase in the area of 

high and medium susceptibility classes compared to M1 to M5. 

 

5.1.2 Unbalanced Division 1 

Unbalanced division 1, which contained a predominance of landslides of great magnitude in 

the test subgroup, also exhibited polygonal representation as the best result. In this uneven distribution 

of the sample space between the training and test groups, the random distribution of the point features 

negatively influenced the results. The validation results of M9, M10, M11 and M12 models were 

inferior to the model developed with points located in the centres of mass of the landslide (Table 4.2). 

All models produced with this unbalanced partition showed, on average, a similar distance from the 

centres of mass for the data of the training subgroup, due to the small area of landslides. Among the 

susceptibility models produced with random points, M10 and M12 models exhibited the worst and 

best performance, respectively. 
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Table 5.2 - Unbalanced 1 random sample. 

Model Landslide feature Success-rate curve (training) Prediction-rate curve (test)  

M7 Polygon features 0.914 0.925  

M8 Centralized point feature 0.881 0.878  

M9 Random point features 1 0.876 0.818  

M10 Random point features 2 0.846 0.785  

M11 Random point features 3 0.854 0.855  

M12 Random point features 4 0.902 0.859  

 

The M10 points were closer to the centres of mass than the other models, both for the training 

and the test subgroups. The training subgroup exhibited a more dispersed distribution of points 

between the 4 quadrants (NW, NE, SW and SE) and the test subgroup exhibited a concentrated 

location in the SE and SW quadrants (Figure 4.4). M12 showed a distance from the centre of mass 

very similar to M9, both for training and test subgroup’s data. However, while the points in M12 were 

located predominantly in the SW and SE quadrants, for both subgroups, M9 exhibited points located 

predominantly in the NW and NE quadrants in the training subgroup and SW and SE in the test 

subgroup. M11 exhibited a test subgroup with points more distant from the centres of mass, located 

primarily in the NE and NW quadrants. In contrast, the training subgroup of the same model exhibited 

points closer to the centres of mass and located predominantly in the SE and SW quadrants. Therefore, 

the randomness in the distribution of point features within the landslides appeared to influence the 

result in a non-standard way, that is, sometimes points distributed in a more random way (less 

concentrated in a specific portion of the landslide) produce more robust results. 

 

Figure 5.4 - Spatial distribution of random points of the unbalanced partition 1. 
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The model that adopted polygonal cartographic representation (M7) was influenced by the 

following conditioning factors: quartzite (IV = 0.826), dolomite (IV = 0.719) and phyllite (IV = 0.442) 

lithological units; slope ranging from 25° to 55°, with the highest and lowest scores in the ranges 50°-

55° (IV = 2.710) and 25°-30° (IV = 0.405), respectively; hill relief geomorphologic unit (IV = 0.405); 

slopes oriented to S (IV = 0.279) and SO (IV = 1.307); and land use characterised as low vegetation 

(IV = 0.446) and urban occupation of medium construction pattern (IV = 0.036). In turn, the model 

that adopted the random point representation 2 (M10) was influenced by the following conditioning 

factors: quartzite lithological units (IV = 0.718); slope ranging from 25° to 40°, with the highest and 

lowest scores in the ranges 35°-40° (IV = 1.856) and 25°-30° (IV = 0.877), respectively; hilly 

geomorphological units (IV = 0.713) and hills (IV = 0.311); slopes oriented to NE (IV = 0.446), SE 

(IV = 0.019), S (IV = 0.152), SO (IV = 0.749) and O (IV = 0.010); and land use characterised as low 

vegetation (IV = 0.479). Figure 4.5 presents the classified susceptibility maps for the most discrepant 

models in this division of dependent variables (polygonal and random spot representation 2 (M10)). 

 

Figure 5.5 - Classified susceptibility maps for models that used (A) polygonal (M7) and (B) random spot 

representation 2 (M10). These images are in higher resolution in the appendix. 

 

The susceptibility map classified from the polygonal features test subgroup has high, medium 

and low susceptibility classes accounting for14.41%, 14.11% and 71.48% of the study area, 

respectively (Figure 4.5A). The map classified from the randomized point representation test subgroup 

2 (M10) has high, medium and low susceptibility classes accounting for 31.33%, 45.10% and 23.57% 

of the territory, respectively (Figure 4.5B). The maps of these models have a spatial discrepancy of 

59.25% among the adopted susceptibility classes. There was an increase in the area of the high and 

medium susceptibility classes compared to M7 to M10. 
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5.1.3 Unbalanced Division 2 

The last division of the data between the training and test subgroups, called unbalanced 2, 

prioritized the major landslide features in the training subgroup. This approach produced, for the 

polygonal landslide inventory, the best success rate, a result that was not followed by the prediction 

rate (Table 4.3), which was lower than all other models produced, except for M16, which was 

developed with random points. In this division of the dependent variables between the training and test 

subgroups, the different trend was observed compared to the previous divisions, which showed the 

most robust result in the model produced with polygonal features. 

Table 5.3 - Unbalanced 2 random sample. 

Model Landslide feature Success-rate curve (training) Prediction-rate curve (test)  

M13 Polygon features 0.950 0.807  

M14 Centralized point feature 0.873 0.813  

M15 Random point features 1  0.883 0.850  

M16 Random point features 2 0.873 0.786  

M17 Random point features 3 0.839 0.864  

M18 Random point features 4 0.872 0.825  

 

As in the unbalanced division 1, the differences observed in the Euclidean distance of the 

random points (M15, M16, M17 and M18) in the training and test subgroups occurred due to the size 

of the landslides features in each subgroup. Therefore, the small landslide features positioned the 

points closer to the centre of mass (test subgroup), while the larger events allowed the dispersion of 

the points (training subgroup), as shown in Figure 4.6. For this partition of sample space, the best 

result was in M15 developed with the random point features 1, and the worst result was in M16 

developed with the random point features 2. The M15 and M16 models exhibited well distributed 

points in the training subgroups, with a slight predominance of NW and NE in M15 and SW and SE in 

M16. The test and training subgroups of M15 exhibited a slight predominance NW and NE, but a 

decrease of points in the SW quadrant and an increase in the SE quadrant. The test subgroup of M16 

exhibited a distribution of points predominantly in the NW and SE quadrants. 
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Figure 5.6 - Spatial distribution of random points of the unbalanced partition 2. 

 

Analysis of scores between these models (M15 and M16) revealed that M15 was influenced 

by the following conditioning factors: lithological units of quartzite (IV = 0.955) and dolomite (IV = 

0.461); slope ranging from 25° to 50° with the highest and lowest scores in the ranges 45°-50° (IV = 

2.937) and 40°-45° (IV = 0.322), respectively; hilly geomorphological units (IV = 0.713), 

mountainous relief (IV = 0.219) and hill (IV = 0.121); slopes facing SO (IV = 0.931), S (IV = 0.286) 

and O (IV = 0.010); and land use characterised as low vegetation (IV = 0.550). The model that 

adopted the random point representation 2 (M16), with the lowest predictive capacity, was influenced 

by the following conditioning factors: lithological units of quartzite (IV = 0.955) and dolomite (IV = 

0.461); slope ranging from 20° to 45°, with the highest and lowest scores in the ranges 40°-45° (IV = 

1.015) and 20°-25° (IV = 0.078), respectively; hilly geomorphological units (IV = 0.558), 

mountainous relief (IV = 0.219) and hill (IV = 0.162); slopes oriented to NE (IV = 0.328), S (IV = 

0.286) and SO (IV = 0.931); and land use characterised as low vegetation (IV = 0.515). Figure 4.7 

presents the classified susceptibility maps for models M15 and M16. 
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Figure 5.7 - Classified susceptibility maps for the models M15 and M16 that used random point cartographic 

representation (A) 1 and (B) 2. These images are in higher resolution in the appendix. 

 

The susceptibility map classified from the random point representation 1 test group (M15) has 

high, medium and low susceptibility classes, accounting for 19.93%, 33.83% and 46.25% of the study 

area (Figure 4.7A). The map obtained from randomized point representation test group 2 (M16) has 

high, medium and low susceptibility classes, accounting for 41.89%, 31.74% and 26.37% of the study 

area, respectively (Figure 4.7B). The maps of these models have a spatial discrepancy of 42.91% 

among the adopted susceptibility classes. There was an increase in the area of the high susceptibility 

class compared M15 to M16. 

 

 



 

CHAPTER 6 

6 CONCLUSIONS 

 

This study tested, validated and compared different cartographic representations of a landslide 

inventory for construction of susceptibility models. We also determined the correlation between area 

and volume for landslides in the investigated region. In general, besides the change in the magnitude 

of some scores among all the cartographic representations adopted, the change of importance in some 

classes of the conditioning factors was also identified. The main conclusions are: 

1. The correlation between the area and volume of landslide scars had an R² close to 1. This 

indicates the robustness of the exponential curve used and reinforces the application of the derived 

equation in future volumetric studies in the region. 

2. All landslide susceptibility models applied in this study achieved good results, regardless of 

the cartographic representation adopted to map landslide features. The worst result was a random and 

point-based cartographic representation and a partition of dependent variables with a predominance of 

large and deep landslides in the training group. The best result was obtained when a polygonal 

cartographic representation was used and a balanced partition of the dependent variables (large and 

deep landslides in both training and test subgroups).  

3. There was a tendency for the conditioning factors to vary according to training with 

different cartographic features (polygon, point in the centre of mass and random point), as well as with 

small and large landslide features, which influenced the quality of the susceptibility models. Thus, 

despite the robustness exhibited by two susceptibility models produced with slipped features mapped 

with polygonal vectors, this study does not allow us to state, categorically, that this cartographic 

representation was optimal.  

4. The distribution of high, medium and low susceptibility classes varied markedly throughout 

the study area, although the predictive capacity was kept constant in each class (high = 80%, medium 

= 15% and low = 5%). This spatial discrepancy in the models was produced by the cartographic 

representations adopted and/or by the partition of the dependent variables between the training and test 

subgroups.  

5. The adoption of different cartographic representations to map the features of landslides in 

regions that register movements of different magnitudes can interfere in the quality of the application 

of models and in the spatial arrangement of the susceptibility classes, producing different maps for the 

same locality.     

For future work, it is suggested: 
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1. Verify if the drone error was relevant for the analysis of the effect of the cartographic 

representation in the susceptibility models and area-volume regression curve, through the application 

of ground control points and other methodologies to increase the accuracy of UAV surveys. 

2. Incorporate new landslides’ features in the area-volume regression curve as in the analysis 

of the effect of cartographic representation on susceptibility models. 
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