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Abstract

The scenic value of landscapes within Geoparks is often attributed to the geomorpho-
logical processes that have shaped them in the past or up to the present day, including
landslides. However, these processes also pose significant threats to the integrity of ge-
osites and the safety of visitors, highlighting the need for risk prevention and mitigation
plans for geohazards. The Caminhos dos Cénions do Sul Geopark (southern Brazil) lacks
landslide inventories and susceptibility maps, essential for conducting practical geohazard
risk analyses. This study addresses this gap by compiling a landslide inventory of the
major events over the past 30 years, using a rule-based Object-Based Image Analysis
(OBIA) approach, and assessing the susceptibility for four modeling domains within the
Geopark using the Information Value method. Seven independent variables (aspect, slope,
topographic wetness index, terrain ruggedness index, geomorphons, elevation, and curva-
ture) were selected, resulting in 120 combinations for each modeling domain. For each
predisposing factor combination, model performance was assessed using the area under
the Receiver Operating Characteristics (ROC) curve, and the conditional independence
of variables was evaluated. The best models for each domain were selected based on the
criteria of conditional independence, goodness of fit, and number of variables. The final
landslide susceptibility map was produced by merging the best three models’ results. The
resulting susceptibility classification indicates that many geosites are located in areas with
moderate to very high susceptibility or within zones likely to experience material transport
or deposition.
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1 Introduction

UNESCO Global Geoparks are unified and well-delimited areas managed through a holistic
economic and social sustainable development concept, with geotourism as its main driv-
ing activity (Jones 2008; Brilha 2018; Lee and Jayakumar 2021). Global Geoparks har-
bor important geosites, representing unique geological features, landscapes, and cultural
heritage that should be preserved for future generations (Reynard 2009). Geoparks can
be considered an outstanding initiative in promoting geosite conservation (Brilha 2018).
Despite its role as a source of leisure, education, and income for its community, Geoparks’
landscapes can also pose hazardous situations for their visitors and inhabitants, particularly
in areas with scenic value associated with active geomorphological processes (e.g., mass
movements) (Dierickx et al. 2016; Reynard and Coratza 2016; Morino et al. 2022).

As with other UNESCO heritage sites, many of the global geoparks comprise areas prone
to natural hazards and extreme weather events (Fukuoka 2014; Pavlova 2019). A survey
with UNESCO geopark managers shows that landslides are present in 70% of the geoparks
and represent one of the most frequent processes in these territories that can lead to risk
situations (Dierickx et al. 2016). Therefore, in addition to the necessity to assess risk and
create prevention and mitigation plans due to the natural characteristics of these territories,
UNESCO geoparks can help countries achieve the Sustainable Development Goals (SDGs)
of the 2030 Agenda and the Shimbara Declaration to ensure safe and resilient cities and
prevent impacts caused by natural processes (EGN 2012; UN 2018; Fassoulas et al. 2018).

The UNESCO Global Geopark Caminhos dos Canions do Sul (henceforth GCCS),
located in Southern Brazil, has an area of approximately 3.000 km? and the occurrence
of geomorphological processes deeply marks the landscape. Whether on its outstanding
basaltic escarpment (Serra Geral) or its vast plains, it is possible to attest the power of these
landscape-shaping processes, especially mass movements (shallow landslides, rockfalls,
and debris flows), floods, and flash floods (Pellerin et al. 1997; Valdati et al. 2021; Vascon-
cellos et al. 2021; Paixao et al. 2021; Szymasnki et al. 2022; Sugiyama and Gomes 2023).
Although this area has always been a popular tourist destination in the region, establishing
the GCCS increased the region’s appeal for geotourism, leading to the installation of new
infrastructure and a boost in the number of visitors. This situation prompted the necessity
for geohazard risk prevention and mitigation plans.

However, landslide risk assessments can be time- and resource-consuming, especially
for large areas such as geoparks, because they involve a series of preceding steps (e.g.,
susceptibility, hazard, and vulnerability analysis) (Van Westen et al. 2008). The first step
to assess landslide risk can be the susceptibility assessment, defined in this research as the
analysis of landslide spatial probability in an area, considering only the terrain characteris-
tics (Brabb 1984; Guzzetti et al. 1999). Given that scale is a critical factor when selecting
the most appropriate method for susceptibility assessments, statistical methods are recom-
mended in the literature for regional-scale analysis across large areas due to the necessity of
detailed information on the physical properties of soils and rocks for the use of physically-
based models (Soeters and van Westen 1996; Aleotti and Chowdhury 1999; Reichenbach
etal. 2018).

One of the major advantages of statistical methods is that the investigator can validate
the importance of the predisposing factors and decide on the input of the final maps (Aleotti
and Chowdhury 1999; Corominas et al. 2014). Nevertheless, when modeling landslide sus-
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ceptibility across large areas, the spatial variability of lithological, geotechnical, and topo-
graphic characteristics should be considered (Lee et al. 2008; Blahut et al. 2010; Petschko
et al. 2014). Distinct approaches for modeling heterogeneous domains have been proposed,
mainly based on subdivisions of the area in relatively topographically homogeneous sectors
(Lee et al. 2008; Blahut et al. 2010) and lithologically homogeneous domains at a given
scale (Petschko et al. 2012, 2014).

For some GCCS municipalities (namely, Jacinto Machado and Timbé do Sul), previous
research was carried out with bivariate statistically-based methods to understand landslide
susceptibility with municipal planning and civil protection purposes (IPT, 2015a, b). Fur-
thermore, other studies analyzed mass movement hazard through physically-based meth-
ods in touristic areas of the GCCS (e.g., Franck and Kobiyama 2024). However, although
some punctual qualitative efforts to recognize potential geohazards in the whole GCCS
territory were made (Pimenta et al. 2018; Sugiyama and Gomes 2023), systematic landslide
inventories and quantitative susceptibility mapping are still lacking, specifically focused
on Geopark management. Statistically-based susceptibility assessments critically rely on
landslide inventories that should be as complete and unbiased as possible (Dikau et al. 1996;
Aleotti and Chowdhury 1999; Ardizzone et al. 2002), a type of dataset lacking for the GCCS
territory, and that limits the application of regional-scale statistically based models.

The visual interpretation of aerial photography and/or orbital images is the most com-
mon technique for producing geomorphological inventories (Galli et al. 2008; Bucci et al.
2021; Zhang et al. 2022). However, these techniques may be time-consuming when map-
ping large areas or producing multi-temporal inventories, and, in recent decades, various
studies have employed automatic and semiautomatic methodologies, such as Object-based
image analysis (OBIA) techniques, reducing reliance on visual interpretation (Lacroix et
al. 2013; Amatya et al. 2021; Meena et al. 2021). Although not entirely objective, semiau-
tomatic methods can be a time-saving tool for large and heterogeneous areas once training
sample collection is optional.

Therefore, this paper aims to produce a regional-scale statistically-based susceptibility
assessment for the GCCS, capable of depicting the differences in landslide susceptibility
and its predisposing factors across the different geomorphological domains that characterize
the Geopark landscape. For this purpose, a set of landslide inventories of the major events
that occurred in the last 30 years in the GCCS was produced by using archive satellite
imagery and the OBIA technique. These products can contribute to establishing geohazard
risk prevention and mitigation plans in the GCCS by providing the two essential prod-
ucts (inventories and susceptibility maps) necessary for a future quantitative landslide risk
assessment.

2 Study area

The UNESCO GCCS is located in southern Brazil, spanning seven municipalities (Morro
Grande, Timbé do Sul, Jacinto Machado, Praia Grande, Torres, Mampituba and Cambara
do Sul) across two states (Rio Grande do Sul and Santa Catarina) (Fig. 1). The geological
framework of GCCS reflects a series of geotectonic events related to the formation of the
Parana-Etendeka Basin and the breakup of the Gondwana Supercontinent, which occurred
from the Ordovician to the Late Cretaceous (Milani et al. 2007). The primary geological
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units of this volcano-sedimentary basin are, in stratigraphic order from bottom to top, the
Upper Permian Rio do Rasto Formation (comprising tabular sandstones interbedded with
mudstones), the Upper Jurassic to Lower Cretaceous Botucatu Formation (medium-thick-
ness red sandstones), and the Cretaceous Serra Geral Formation Group (including basalt,
rhyodacite, and dacite) (Wildner et al. 2008, 2014).

Erosional processes acting on these lithologies have led to the formation of four distinct
geomorphological domains: (1) the Campos Gerais Highlands, located above 1,000 m in
elevation, which are supported by magmatic rocks and characterized by an intense structural
control over the drainage system, with predominant flat surfaces; (2) the Serra Geral Escarp-
ment, which marks the edge of the highlands and are also sustained by lithologies of the
Serra Geral Group, presenting steep slopes and numerous joints and fractures; (3) the Serra
Geral Patamares, a step-like relief formed by sedimentary rocks (Botucatu and Rio do Rasto
formations) that connect the highlands and escarpment to the plains; and (4) the coastal
plains, which are composed of tertiary and quaternary sediments, resulting from colluvial,
fluvial, and coastal processes.

The geodiversity of this region is recognized through 30 official geosites, eight of which
are of international significance (Fig. 2). These include canyons, waterfalls, paleoburrows,
rock outcrops, and other distinctive landforms. Additionally, the GCCS encompasses 11
nature conservation units (Fig. 1), highlighting its rich biotic and cultural diversity.

The municipalities of the GCCS are generally sparsely populated. According to the
2022 demographic census, the municipality with the largest and most densely occupied
population is Torres (41,751 inhabitants, 258 inhabitants/km?). The second most populous
municipality is Jacinto Machado (10,624 inhabitants), while the other municipalities have
populations of less than 10,000 inhabitants, such as Morro Grande and Mampituba, with
approximately 3,000 inhabitants.

Fig.2 (a) Geosite Morro do farol, an outcrop of Serra Geral Group and Botucatu Formation, displaying a
singular lithology (peperites) formed by the interaction between the sands of the ancient desert (Botucatu)
and the volcanic flows; (b) Geosite Toca do Tatu, a paleoburrow dug into Botucatu sandstones; (¢) Ge-
osite Canion da Fortaleza, a canyon developed through the fractures of the basaltic rocks, on which differ-
ent basaltic flows are visible; (d) The landscape of the GCCS is marked by the presence of the Serra Geral
Escarpment, with considerable elevation range; (e) evidence of hydrodynamic processes on the plains.
Source: (¢) Yasmim Fontana
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The presence of the escarpment, with an elevation range of more than 1,000 m, signifi-
cantly influences rainfall patterns, promoting the occurrence of orographic precipitation. In
the GCCS, the average annual rainfall is 1,823 mm, as recorded at a weather station located
in the highlands. However, no weather station exists on the escarpment itself. Previous stud-
ies have shown a 30% increase in annual rainfall over a vertical distance of just 150 m (from
70 to 220 m), with 2,519 mm recorded at 220 m (Valdati 2000). Consequently, persistent
rainfall in the headwaters is not uncommon, often resulting in generalized hydrodynamic
processes and landslides (Fig. 2). A notable example of this is the 1995 rainfall event, which
triggered hundreds of landslides and debris flows, leading to the loss of 29 lives (Pellerin
et al. 1997).

3 Materials and methods
3.1 Data and software

Different data sources were used to produce the landslide inventories and susceptibility
maps. For the inventories, SPOT (Satellite pour I’Observation de la Terre) and RapidEye
archive images were used. Images were made available in the frame of the CNES SPOT
World Heritage Programme and the Planet Education and Research Program (Planet Team
2017), respectively. Elevation data (30 m spatial resolution) was derived from the Forest
and Buildings Removed Copernicus Digital Elevation Model version 1.2 (DEM) (Hawker
et al. 2022), used both during the inventory production and susceptibility modeling steps.

The most detailed geological map for the study area is available at a 1:500,000 scale,
and using this product to define modeling domains could lead to oversimplified results
(Wildner et al. 2008, 2014). Nevertheless, a geomorphological map at a 1:250,000 scale is
available (IBGE, 2023) and was used to determine the three modeling domains (highland,
escarpment, and plains) for the landslide susceptibility modeling. The abovementioned map
was produced by a systematic field survey and geomorphological interpretation of orbital
imagery, resulting in a standardized product for the Brazilian territory. The geomorphologi-
cal units comprise landforms with altimetric and physiographic resemblance due to similar
lithological, tectonic, and paleoclimatic histories (IBGE 2009).

All processes were performed by SAGA GIS (Conrad et al. 2015) and the R statistical
software (R Core Team 2019). We used custom functions in the R language for variable
weighting, evaluation of model fit, and conditional independence diagnosis. The latter was
based on Agterberg and Cheng (2002), and the code implemented in ArcSDM (Sawatzky et
al. 2009), available at https://github.com/gtkfi/ArcSDM/tree/master.

3.2 Landslide inventory mapping

The generalized events were identified from official registers (in the case of the 1995 event)
and the visual analysis of multitemporal orbital imagery available on Google Earth. When
landslides were identified on a given date, SPOT and RapidEye databases were queried to
acquire post-event imagery (Table 1). Three major events were identified inside the Geopark
territory, one with the precise triggering date reported and two with uncertain triggering
dates (the first triggered between 2005 and 2007, and the second between 2009 and 2011).
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Table 1 Remote sensing data for Platform and sensor Spatial Acquisi-
the landslide inventories resolution tion date
Inventory I SPOT3, HRV (High-Reso- 10 m 06/04/1996
lution Visible)
Inventory I~ RapidEye, MSI (Multi- Sm 05/05/2007
spectral Imager)
Inventory II  RapidEye, MSI Sm 21/09/2011

Remote sensing data (Table 1) was processed to obtain local statistical measures from the
post-event images (contrast, entropy, energy, and variance) (Zhang 2011) and morphometric
terrain attributes were derived from the DEM (catchment area, slope, topographic wetness
index, aspect, curvature, and geomorphons).

The approach for landslide inventory mapping was based on a two-level Object-Based
Image Analysis (OBIA) using the seeded region growing algorithm (Adams and Bischof
1994). The first segmentation was performed at a coarser level (i.e., with a larger band-
width value), aimed at removing areas not affected by landslides and with homogeneous
land cover. After removing the non-affected areas, a fine-level segmentation was performed
using smaller bandwidth values to refine landslide polygon borders. Landslides were dif-
ferentiated from non-affected regions at both levels using a rule-based classification. Rules
were based on local statistical measures and DEM derivatives (mean and standard devia-
tion for both) and defined from manually digitized landslide polygons inside a 1.5 km? area
(one area per inventory). After the fine-level segmentation and classification, a preliminary
inventory was obtained and compared to the manually digitized landslides with a confusion
matrix to obtain the proportion of true positives (TP), true negatives (TN), false positives
(FP), false negatives (FN), user and producer accuracies, and overall accuracy. User accu-
racy (UA) (Eq. 1) refers to the commission error and denotes the proportion of pixels cor-
rectly classified in a given class. Producer accuracy (PA) (Eq. 2) is related to the omission
error and denotes the proportion of correctly identified landslides from the manual inven-
tory. Overall accuracy (OA) (Eq. 3) is the proportion of correctly identified classes across
the analyzed data (i.e., considering both landslides and non-landslides).

TP
- 1
UA=7p +FP M
P
— 2
PA=7p +FN @
B (TP +FN)

oA = (TP+TN+ FP+FN) 3

Afterward, false positives were removed, landslide polygon borders were corrected when
necessary, and non-detected landslides were manually digitized. A further classification of
the preliminary inventory was performed using the geomorphons layer to differentiate areas
affected by shallow landslides on the slopes and valley bottoms affected by debris flows
and other hydrodynamic processes (hereafter, landslides refer to shallow translational land-
slides). We considered a given landslide polygon to be affected by debris flows and other
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hydrodynamic processes if its overlaid areas were classified as valley geomorphons. Land-
slide polygons in other geomorphons were considered shallow landslides, rupture, trans-
port, and deposition zones, mapped as a single polygon. After this step, a further visual
interpretation was carried out to ensure the consistency of the separation process. Landslide
initiation points were automatically derived from the DEM for each shallow landslide poly-
gon, assuming the initiation point as the highest elevation pixel inside each polygon (Ama-
tya et al. 2022). Finally, the initiation points were randomly partitioned into two subsets
(training and test), each with 50% of the landslide population. The initiation points were
used in the susceptibility analysis as the pixel corresponding to the location of the initiation
point in vector format.

3.3 Modeling of heterogeneous areas

Based on the geomorphological units the GCCS territory was subdivided into four differ-
ent areas for modeling purposes: (1) Total Area (TA); (2) Highland and Escarpment Area
(HSA); (3) Plains and Escarpment Area (PLSA); and (4) Escarpment Area (SA) (Fig. 3).
Although the Serra Geral Patamares is delimited separately in the official map, its charac-
teristics are similar to those of the escarpment, especially regarding the geomorphological
processes. Therefore, they were included in the escarpment (SA) modeling domain.

Considering that the landslide initiation points occur on the escarpment area, the escarp-
ment area was necessarily included in all subdivisions. Based on the geomorphological
units, the subdivision aimed to analyze whether the construction of a model for the whole
area would be satisfactory or if the modeling based on different domains would generate
more fitted results for Geopark management.

PLSA

| | Legend

Campos Gerais Highland
{1 serra Geral Escarpment
| Serra Geral Patamares

Coastal Plains

&P cees

40km

Fig. 3 Geomorphological compartments and modeling domains (TA=Total Area; PLSA=Plains and Es-
carpment Area; HSA=Highland and Escarpment Area; SA=Escarpment Area)
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3.4 Predisposing factors

Predisposing factors were derived from the Digital Elevation Model (DEM) and comprised
seven morphometric parameters (Table 2). The selection of predisposing factors and their
categorization were based on our knowledge of the study area and the literature about land-
slide controlling factors (Table 2). The option to include only topography-related variables
in the models is justified by the modeling in heterogeneous domains, whose limits are intrin-
sically related to lithological and tectonic controls.

3.5 Susceptibility modeling and validation
The Information Value (Yin and Yan 1988) was deployed to weigh each class of the predis-
posing factors. The Information Value (IV) of a class i of a predisposing factor x is given

by the relation of the landslide-affected area in class i (S;), the area of class i (N;), the total
landslide-affected area (S), and the total area (N) (Eq. 4).

S;
IV, = mﬂ (4)

Table 2 Selected predisposing
factors for the susceptibility
analysis

°/n

Predisposing
factor (unit)

Brief rationale for selection

Aspect It can be a proxy for slope morpho- ~ Corominas
(degrees) structural properties (e.g., dip angle). et al. (2014)
It can also influence moisture content Messenzehl
due to differential exposure to rain- et al. (2017)
fall and/or solar radiation. Zgézere et al.
(2017)
Slope angle The determinant factor for landslide =~ Bierman and
(degrees) triggering. Theoretically, shear stress Montgomery
increases with increasing slope angle. (2019), Mc-
Coll (2015)
Geomorphons Differentiates landforms that can be  Steger et
-) associated with landslide deposition  al. (2021)
zones (e.g., depressions and valleys) Zhang et al.
and rupture zones (e.g., hollows and  (2020)

Curvature (-)

slopes).
Indicator of slope hydrology, with

Dietrich and

a tendency of flow convergence in Montgomery

concave slopes and divergence in (1998); Lac-

convex ones. erda (2007)
Elevation (m) Can exert influence due to the in- Corominas

crease in potential energy as a result
of the elevation difference

etal. (2014)

Terrain Rug-  Indicate relief heterogeneity, which ~ Corominas

gedness Index can reflect differences in potential et al. (2014);

(TRI) (-) energy, similarly to elevation, but Bordoni et
considering neighboring mapping al. (2020)
units.

Topographic It can be considered a proxy for slope Beven and

Wetness Index moisture retention and saturation Kirby (1979)

(TWI) (-) Zones. Seibert et al.

(2007)
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When the IV of a class i assumes negative values, the class is not useful in explaining
the landslide distribution, and it can be assumed that it is favorable to slope stability (Zézere
et al. 2017). Conversely, when the IV of class i is positive, variable xi is relevant to explain
the landslide distribution (with higher positive values indicating higher association) (Pereira
et al. 2012; Zézere et al. 2017). If landslides are absent in a given class xi, Eq. 1 cannot be
computed. In such cases, the IV was set to the lowest IV obtained for the predisposing fac-
tor x, subtracted by 0.001. The final IV is determined by the sum of all thematic maps, with
each class reclassified according to its IV. The weighting of the predisposing factors was
performed using the landslide training subset.

After computing the IV of each variable xi, model fit was evaluated independently with
the training subset for all possible combinations of predisposing factors. For each model-
ing domain, 120 combinations were computed, resulting in 480 models. The rationale of
this combination procedure was to provide insights into potential differences in the main
landslide-controlling factors in each modeling domain. Model fit was evaluated for each
model using the Receiver Operating Characteristics area under the curve (ROC AUC)
(Swets 1988; Bradley 1997; Fawcett 2006). ROC curves relate the sensitivity and the false
positive rate derived from contingency matrices computed with different cutoff values (Frat-
tini et al. 2010). ROC AUC represents the overall model accuracy, with values ranging from
0.0 (the model classifies all mapping units as either false positive or false negative) to 1.0
(perfect prediction); a 0.5 value indicates that the model is not better than a random predic-
tion (Swets, 1988; Bradley 1997). In the literature, ROC AUC as a model fit metric tends
to be ranked as poor fit (values under 0.7); fair (0.7 to 0.8); good (0.8 to 0.9); and excellent
(0.9 or higher) (Fressard et al. 2014).

3.6 Conditional independence diagnosis

Bivariate statistical models assume the existence of conditional independence between the
landslide predisposing factors (Bonham-Carter et al. 1989; Van Westen 1993), and the viola-
tion of this assumption can lead to overestimations of landslide spatial probability. (Blahut
et al. 2010; Pereira et al. 2012). Therefore, conditional independence in the abovementioned
480 combinations was assessed with the Agterberg-Cheng Conditional Independence Test
(ACCIT) (Agterberg and Cheng 2002). The ACCIT evaluates the presence of conditional
independence based on the predicted training points (7) and the actual observed occurrences
(n), applying a one-tailed test of the null hypothesis that 7-n=0. Following Pereira et al.
(2012), the posterior probabilities and their standard deviation for each of the predisposing
factor classes were obtained by the Weights of Evidence. (Bonham-Carter 1994) and the
ACCIT was scaled from 0 to 1. An ACCIT value lower than 0.40 indicates high condi-
tional dependence among the predisposing factors and that the model should be rejected.
The aforementioned posterior probability values were obtained using the landslide initiation
points of the training subset described in the inventory mapping section.

3.7 Selection of the best landslide susceptibility models
For each modeling domain, the best model was selected based on model fit and whether

the hypothesis of conditional independence could be accepted. By the best model, we con-

@ Springer



Natural Hazards (2025) 121:17439-17469 17449

sidered those with ACCIT above 0.40 and a higher AUC ROC. In the case of models that
satisfy the conditional independence hypothesis and have very similar values of AUC ROC,
the best model was considered to be the one with fewer variables (Pereira et al. 2012). The
selected models were then subject to a predictive capacity assessment using the test sub-
set of the landslide inventory, containing 50% of the occurrences. Predictive capacity was
assessed through the area under the prediction rate curve. (Chung and Fabbri 1999, 2003),
a plot that relates the proportion of correctly classified landslides and the proportion of the
study area predicted as susceptible.

After establishing model predictive skills, the landslide susceptibility maps were classi-
fied into 10 classes containing an equal number of terrain units to perform the visual com-
parison. Following Vakhshoori and Zare (2018), to compute the final map, each selected
model was classified into five susceptibility classes (Very Low, Low, Moderate, High, and
Very High), corresponding, respectively, to 40%, 20%, 20%, 10%, and 10% of its modeled
area. This approach was chosen instead of using equal-area classification (e.g., 20% for each
class) to avoid overestimating the extent of very high susceptibility zones. Afterwards, the
final landslide susceptibility map for the entire territory of the Geopark was obtained by
merging the individual susceptibility maps, already classified, of the three subdivided mod-
els (HSA30, PLSA65, SA30). Once the escarpment area was present in all three models, the
final model was constructed utilizing only one geomorphological compartment from each
modeling area (e.g., only the results of the highland area from the selected HSA model were
displayed in the final map).

4 Results
4.1 Landslide inventories

A total area of 1.437 km? was inventoried using a rule-based classification of satellite imag-
ery, and 19,36 km? of mass movement areas were identified (Fig. 4). Inventory I has the larg-
est affected area (14,6 km?), and the overall accuracy is 88,89%. In contrast, for Inventory
Il and Inventory III, respectively, the affected area was 2,19 km? and 2,57 km?, and overall
accuracies of 97,23% and 98,39% (Table 3). The classification could identify most mass
movement-affected areas, and non-detected areas related mostly to the shade of the slopes
and small and elongated scars. Manually removed false positives were associated with agri-
culture in the plains areas and rock outcrops on the escarpment.

After separating the mass movement types, we identified 12,2 km? and 7,13 km? affected
by debris flows and other hydrodynamic processes and landslides, respectively. The mass
movement events mapped in Inventory II and Inventory III also affected areas outside the
Geopark’s boundary in three different municipalities (Siderdpolis, Nova Veneza, and Mor-
rinhos do Sul). Therefore, these areas were not included in the modeling steps. Thus, con-
sidering only the landslides inside the Geopark, 667 initiation points were automatically
extracted from the DEM corresponding to the highest elevation pixel inside each landslide
polygon. Only 666 points were considered and partitioned into equal training and test sub-
sets (333 points each).
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Fig.4 Landslide inventories of 1995, 2005/2007, and 2009/2011 events

Table 3 Landslide-affected area and accuracies for each inventory

Landslide-affect- Debris flow and other User Ac- Producer Ac- Over-
ed area (km?) hydrodynamic processes curacy (%)  curacy (%)  all Ac-
affected area (km?) curacy
(%)
Inventory | 6,62 7,98 73,99 60,61 88,89
Inventory 11 0,37 1,82 83,78 64,75 97,23
Inventory III 1,48 2,43 89,19 63,44 98,39

4.2 Information value method

For all the different modeling domains (TA, HAS, PLSA, SA), the class of slope angle that
presented the highest information value is the one above 45°. However, the classes between
30° and 45° also show high values (Table 4). North, Northeast, and East-facing slopes pre-
sented the highest information values (IV); for TA and HSA, the highest value is for the East
aspect, whereas for PLSA and SA, it is Northeast. Flat areas and the Southwest aspect bear
a weak relation with the landslide distribution, displaying negative values.

Almost all curvature classes exhibited positive values, indicating some relation with the
landslide distribution, except for straight/straight curvatures for TA. The convex/concave
curvatures displayed the highest IV for all the modeling domains. The information values of
the elevation were higher for TA and HSA in the class from 600 to 800 m, while for PLSA
and SA, the most important classes related to landslide distribution were the ones ranging
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Table 4 Information values for each predisposing factor and modeling domain. Classes with the highest
information value are highlighted in bold type

Predisposing factor Class TA HSA PLSA SA
<15 -3.545 -3.234 -3.148 -1.890
15-20 -0.418 -0.403 -0.608 -0.180
20-25 0.698 0.707 1.221 1.180
Slope angle (degrees) 25-30 1.935 1.940 2.077 2.029
30-35 2.531 2.533 2.530 2.580
35-40 2.877 2.877 2.965 2.975
40-45 2.945 2.945 3.049 3.083
>45 3.330 3.330 3.482 3.401
N 1.126 1.257 1.956 2.273
NE 1.386 1.616 1.999 2.383
E 1.416 1.776 1.717 2.257
Aspect (-) SE 0.604 0.951 0.881 1.524
S 0.309 0.525 0.557 0.913
SW -0.703 -0.602 -0.836 -0.534
W -0.703 -0.602 0.624 0.800
NwW 0.977 1.086 1.687 2.048
Flat -0.703 -0.602 -0.836 -
4% 1.159 1.173 1.748 1.795
RV 1.576 1.598 2.280 2.274
XV 2.058 2.065 2.591 2.640
Curvature (-) V/R 0.334 0.410 1.031 1.254
R/R -0.383 0.151 0.083 1.313
X/R 1.154 1.183 1.911 1.981
V/X 1.219 1.248 1.521 1.637
R/X 1.282 1.317 1.876 1.913
X/X 1.448 1.488 2.051 2.104
<200 -0.652 -0.628 -0.167 -0.143
200-400 -0.652 -0.628 -0.166 -0.143
Elevation (m) 400-600 1.950 1.950 2.009 1.992
600-800 2.776 2.776 2.814 2.847
800-1000 0.840 0.840 3.135 3.083
1000-1200 0.287 0.287 3.094 3.137
>1200 1.843 1.852 1.835 1.766
Flat -1.588 -1.570 -1.525 -1411
Summit -1.588 -1.570 -1.525 -1.411
Ridge 1.382 1.394 1.884 1.896
Shoulder -1.588 -1.570 -1.278 -1.235
Geomorphons (-) Spur 2.354 2.365 2.569 2.550
Slope 1.843 1.854 2.047 2.069
Hollow 1.818 1.821 2.010 2.078
Footslope -1.551 -1.502 -1.525 -1411
Valley -0.975 -0.974 0.410 0.004
Depression -1.588 -1.570 -1.525 -1411
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Table 4 (continued)

Predisposing factor Class TA HSA PLSA SA

Terrain Ruggedness Index (TRI) (-) 0-0,92 -2.611 -2.579 -2.034 -1.445
0,92-3,69 -2.611 -2.579 -2.034 -1.445
3,69-6,46 1.429 1.437 1.656 1.621
6,46—9,24 2.706 2.708 2.780 2.808
>9,24 3.184 3.184 3.295 3.273

Topographic Wetness Index (TWI) 2,93-4,57 3.136 3.139 2.977 3.069
4,571,713 1.641 1.652 2.087 2.101
7,73-10,9 -0.733 -0.690 0.056 0.206
10,9-14,06 -0.733 -0.690 0.056 0.206
14,06-17,23 -0.733 -0.690 0.056 0.206
>17,23 -0.733 -0.690 0.056 0.206

Legend: TA=Total Area, PLSA=Plains and Escarpment area, HSA=Highland and Escarpment area,
SA=Escarpment area. Negative values indicate a weak relationship between the information value class
and the occurrence of landslides. Positive values indicate a strong relationship between the class and the
occurrence of landslides. The higher the positive values, the stronger the relationship

between 800 and 1200 m. For the geomorphons, TRI, and TWI, the most significant classes
were the same across all modeling domains (Table 4).

4.3 Evaluation of model fit

For each modeling domain, the combinations of two and five variables resulted in 21 mod-
els. Combinations of three and four variables resulted in 35 models, seven models with six
variables, and a single model with all seven variables.

The results of the ROC AUC indicate better performance for HSA and TA modeling
domains, with all the produced models above 0.75 and a mean of over 0.91. The SA (AUC
ROC mean equal to 0.84) was the modeling domain with the lowest ROC AUC values
(Fig. 5). Usually, the models with fewer variables presented the highest dispersion of ROC
AUC values, with higher dispersion for the two-variable models (21 combinations for each
modeling domain). Nevertheless, the two-variable combinations did not show any outliers.
Also, the lowest ROC AUC values are usually for models with two variables. Still, some
combinations can display high values, and combinations with more variables do not neces-
sarily present the highest values of AUC ROC. Table 5 shows, for all modeling domains, the
models with the highest and lowest ROC AUC values for each number of variables.

Regarding the ACCIT results, all the models with seven variables displayed values equal
to zero, showing that the combination of all the predisposing factors violates the conditional
independence assumption and should be rejected (ACCIT<0.4). The models with four to
six variables presented wider distribution and higher dispersion of ACCIT values (Fig. 5).
Moreover, considering the number of combinations, there is a tendency for models with
fewer variables to display higher values of ACCIT. None of the two- and three-variable
models presented ACCIT values lower than 0.6, showing higher independence between the
predisposing factors for these models. Also, for all the modeling domains, the models with
four variables have more than 75% of the combinations with values higher than 0.5, while
for models with six variables, all the results of ACCIT are lower than 0.3.
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to the threshold of acceptable conditional independence among the predisposing factors
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Table 5 Landslide susceptibility models with the lowest and highest ROC AUC value for each modeling do-
main, according to the number of predisposing factors. Best performing models are highlighted in bold type

Model N. of Landslide predisposing factors ACCIT ROC

factors AUC
TA 1 7 Aspect, Curvature, Elevation, Geomorphons, Slope, TRI, TWI ~ 0.000 0.954
TA2 6 Aspect, Curvature, Elevation, Geomorphons, Slope, TRI 0.000 0.956
TA 8 6 Curvature, Elevation, Geomorphons, Slope, TRI, TWI 0.040 0.945
TA9 5 Aspect, Elevation, Geomorphons, Slope, TRI 0.433 0.956
TA 29 5 Aspect, Curvature, Elevation, Geomorphons, TWI 0.041 0.927
TA 30 4 Aspect, Elevation, Geomorphons, TRI 0.661 0.957
TA 64 4 Aspect, Curvature, Geomorphons, TWI 0.640 0.897
TA 65 3 Aspect, Geomorphons, Slope 0.667 0.955
TA 99 3 Aspect, Curvature, TWI 0.710 0.850
TA 100 2 Aspect, Slope 0.727 0.953
TA 120 Aspect, Curvature 0.726 0.784
HSA 1 7 Aspect, Curvature, Elevation, Geomorphons, Slope, TRI, TWI  0.000 0.945
HSA?2 6 Aspect, Curvature, Elevation, Geomorphons, Slope, TRI 0.000 0.948
HSA 8 6 Curvature, Elevation, Geomorphons, Slope, TRI, TWI 0.250 0.933
HSA9 5 Aspect, Curvature, Elevation, Geomorphons, TRI 0.055 0.949
HSA 29 5 Aspect, Curvature, Elevation, Geomorphons, TWI 0.128 0914
HSA 30 4 Aspect, Elevation, Geomorphons, TRI 0.561 0.949
HSA 64 4 Aspect, Curvature, Geomorphons, TWI 0.560 0.877
HSA 65 3 Aspect, Elevation, Slope 0.659 0.947
HSA 99 3 Aspect, Curvature, TWI 0.667 0.822
HSA 100 2 Aspect, Slope 0.691 0.945
HSA 120 2 Curvature, TWI 0.695 0.753
PLSA 1 7 Aspect, Curvature, Elevation, Geomorphons, Slope, TRI, TWI  0.000 0.925
PLSA?2 6 Aspect, Curvature, Elevation, Geomorphons, Slope, TWI 0.000 0.929
PLSA 8 6 Curvature, Elevation, Geomorphons, Slope, TRI, TWI 0.175 0.911
PLSA9 5 Aspect, Elevation, Geomorphons, Slope, TWI 0.188 0.933
PLSA29 5 Curvature, Elevation, Slope, TRI, TWI 0.506 0.902
PLSA30 4 Aspect, Elevation, Geomorphons, Slope 0.424 0.932
PLSA64 4 Aspect, Curvature, Geomorphons, TWI 0.535 0.872
PLSA65 3 Aspect, Geomorphons, Slope 0.670 0.932
PLSA99 3 Curvature, Geomorphons, TWI 0.722 0.834
PLSA 100 2 Aspect, Slope 0.735 0.917
PLSA 120 2 Aspect, Curvature 0.733 0.787
SA1 7 Aspect, Curvature, Elevation, Geomorphons, Slope, TRI, TWI ~ 0.000 0.879
SA2 6 Aspect, Curvature, Elevation, Geomorphons, TRI, TWI 0.003 0.889
SA 8 6 Curvature, Elevation, Geomorphons, Slope, TRI, TWI 0.280 0.857
SA9 5 Aspect, Elevation, Geomorphons, TRI, TWI 0.494 0.888
SA 29 5 Curvature, Elevation, Slope, TRI, TWI 0.560 0.841
SA 30 4 Aspect, Geomorphons, TRI, TWI 0.646 0.884
SA 64 4 Aspect, Curvature, Geomorphons, TWI 0.595 0.820
SA 65 3 Aspect, Geomorphons, TRI 0.669 0.880
SA 99 3 Curvature, Geomorphons, TWI 0.679 0.765
SA 100 2 Aspect, TRI 0.685 0.856
SA 120 2 Curvature, Geomorphons 0.686 0.705
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Considering the number of variables, the ACCIT and ROC AUC results, four different
models were selected, one for each modeling domain (Fig. 5). The TA30 was selected as the
best model for the TA domain. This model was created with four variables (aspect, elevation,
geomorphons, and TRI), presenting an ACCIT value of 0.661 and ROC AUC of 0.957. The
same set of variables was chosen as the best model for the HSA domain (HSA30), however,
the ACCIT and ROC AUC values were slightly lower than for the TA domain (respectively,
0.561 and 0.949). For the PLSA domain, the selected model (PLSA65) was composed of
only three variables (aspect, geomorphons, and slope), displaying ACCIT equal to 0.670 and
a ROC AUC value of 0.932. In the case of the SA domain, the model SA30 was selected,
presenting ACCIT and ROC AUC values, respectively, of 0.646 and 0.884. This model was
generated by the combination of aspect, geomorphons, TRI, and TWI.

All the selected models displayed reasonable predictive capacities, with the highest val-
ues for TA30 and the lowest for SA30 (Fig. 6). The AUC of prediction rate curves for the
selected models of TA, HSA, PLSA, and SA are, respectively, 0.938, 0.924, 0.920, and
0.868. Through visual inspection, it is possible to note some major changes in the classifica-
tion of the escarpment slopes (represented in all models) (Fig. 7). In this compartment, the
TA30, HSA30, and PLSA65 models presented a greater generalization of the most suscep-
tible areas, whereas the SA30 model provided a better depiction of these areas.

To produce the final susceptibility map for the GCCS, we merged the HSA30, PLSA65,
and SA30 models, already classified into five classes (Very Low, Low, Moderate, High,
and Very High), excluding the escarpment area of HSA30 and PLSAG65. In this way, the
final map of the geopark presents the highland modeled through HSA30; the plain through
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PLSAG65; and the escarpment through SA30 (Fig. 8). The final map of the GCCS displays
59,5% of Very Low susceptible area, 19,7% of Low, 12,1% of Moderate, 5,4% of High, and
3,3% of Very High. Additionally, many geosites are located in areas classified as Very High
(geosites 8 and 19), High (geosite 9), and Moderate (geosites 2, 3, 12, 15, 16, 20, and 27)

(Fig. 8).

5 Discussion
5.1 Landslide inventories

The landslide inventories displayed considerably high overall accuracies (all above 0.85),
indicating that both the segmentation tuning and the definition of the classification rules
were effective. The accuracy difference between Inventory I (derived from SPOT-3 imag-
ery) and the other two inventories (derived from RapidEye imagery) is noteworthy. We
attribute this difference to the different spatial resolutions of the datasets used (10 m and
5 m, respectively). Among the two inventories produced with RapidEye imagery, there is
a slight difference in the accuracy, which can be related to the total landslide-affected area
in Inventories II and IIT (0.37 km? and 1.48 km?, respectively) and differences in the char-
acteristics of the event. Inventory II contains a significant number of affected areas related
to shallow landslides, elongated and with reduced width, that are highlighted in previous
studies as difficult to detect (Amatya et al. 2021; Bonini et al. 2022). On the other hand,
Inventory III contains mostly affected areas related to debris flows and other hydrodynamic
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processes, which display a consistent spectral behavior and geometry (occupying the valley
bottom in a more or less continuous manner).

Regardless of the preference in the literature for the use of temporal partition in the
case of multi-temporal inventories (Zézere et al. 2017) there was a significant disparity
between the number of landslide initiation points contained in Inventory I and its counter-
parts: summed, Inventory I and Inventory III have 162 initiation points within the boundar-
ies of the GCCS, while for Inventory I have 505 initiation points. Therefore, we opted for
a random spatial partition instead of a temporal one, since the discrepancy in the number
of landslides triggered in each of the generalized events could provide misleading results
due to the imbalance between training and test subsets if a temporal partition criterion were
employed.

Also, considering the distinct characteristics of the mapped landslide events and the
images’ spatial resolutions, we considered initiation points more suitable than the whole
landslide scar area. This is due to the fact that in the 1995 event (the one with the largest
landslide-affected area), the landslide scars, in some cases, covered almost the entire slope,
and the SPOT HRV image (10 m resolution) did not allow the correct separation between
initiation and transport areas. Including transport and deposition areas in the susceptibility
modeling could produce inaccuracies in the final maps once the influence of some classes
of predisposing factors is overrated, as well as the high susceptibility areas in the territory
(Petschko et al. 2014). On the other hand, the number of initiation points is underestimated
for the 1995 event since many coalescent scars may contain more than one rupture zone.
However, once more, image resolution was an obstacle when trying to detect and individu-
alize landslides (Fig. 9).

The existence of protected areas and the steeper terrains of the escarpment impose some
obstacles to the occupation of the slopes. In that way, the greater population density within
the GCCS is concentrated in the plains, in some cases distant from the escarpment. There-
fore, many landslide events are not reported, or when they are, they are misclassified as
floods or flash floods due to changes in the process dynamics along their path and when they
reach urban agglomerations. This is a common situation in sparsely occupied areas since
the official reporting of landslides is mainly done when damage occurs. (Steger et al. 2021).
Additionally, the absence of high temporal resolution imagery for the territory in the early
2000s makes it difficult to ascertain some events’ precise date of occurrence (Inventory II
and Inventory III).

The 1995 event was triggered by an exceptional weather phenomenon during which
cumulonimbus clouds were observed with a basal height of around 500 m, shifting towards
the slopes of the Serra Geral and creating persistent orographic rainfall on the headwaters
(Pellerin et al. 1997). Usually, in the south of Brazil, these clouds have a basal height above
1.000 m (Pellerin et al. 1997). Although the official records of this event indicate an estimate
between 206 and 225 mm of rainfall, the weather station that provided the forecast was
located more than 150 km from the affected area. In that way, there is no realistic estimate
of the rainfall that triggered the 1995 event, as well as for the other events (Inventories II
and III), whose precise date of occurrence is uncertain. Even if we could precisely ascertain
the date of the two other events, the spatial density of the weather stations in the region and
the absence of stations in the escarpment hinder the identification of the rainfall volume that
triggered the events.
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Fig. 9 (a, ¢) 1995 event in Jacinto Machado and Timbé do Sul municipality. It is possible to note that
many landslides occurred close to the watershed divides. (b) SPOT image resolution makes it difficult
to differentiate rupture, transport, and deposition zones of coalescent scars. Source: (a, ¢) Joel Pellerin

5.2 Susceptibility assessment

The analysis of predisposing factors and their classes ['Vs highlights some important infor-
mation about the relief controls over landslides in the GCCS. The slope angle is one of the
most frequently selected inputs for statistically-based models (Reichenbach et al. 2018).
For all the modeling domains, the slope angle class above 25° displayed some explanatory
power of the landslide distribution (IV>1.0), particularly for the class above 45°. However,
although the slope angle can be an important predisposing factor of landslides, in its simple
form, it may not be able to capture the influence of slope gradient changes on slope stability
in complex relief areas. In our case, the terrain ruggedness index (TRI) was more important
in constructing the best models and showed less dependence on other parameters. In that
way, only the PLSA65 was built with the slope angle among its predisposing factors. For
all the other domains, the slope angle was not used in the selected models; instead, the TRI
was used. The TRI provides information on local surface variability, which is an average of
slope-adjacent neighbors. (Riley et al. 1999; Trevisani et al. 2023). The values of TRI are
expected to be higher in unstable areas. They can be more effectively related to landslide
distribution than simple metrics (i.e., slope and mean slope), especially for large failures
(Reichenbach et al. 2018). Therefore, the TRI class above 9.24 displayed the highest IV for
the selected models.
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However, it is important to note that the classes of the predisposing factors with the
highest IVs do not necessarily correspond to the class where most landslides occur. The IV
results from the relation of the affected area in a class of the predisposing factor to the total
area of this same class. This can be verified through the difference in the classes with higher
IVs of the same predisposing factor across different modeling domains. For elevation, TA
and HSA modeling domains presented the highest IV for classes between 600 and 800 m,
while for PLSA and SA, these values were higher (above 800 m for PLSA and 1000 m for
SA). TA and HSA encompass the highland areas usually located above 1000 m. Thus, there
is a larger area above this elevation threshold in these modeling domains; in this way, the IV
is smaller for this class in TA and HSA. The elevation parameter was used only to compute
TA30 and HSA30 models.

The aspect and geomorphons predisposing factors are present in all the selected models
(Table 5). There is no consensus in the literature about the influence of aspect in landslide
occurrence and distribution, although for some authors, the aspect can be considered one of
the most important predisposing factors (Galli et al. 2008; Lee 2005), and in statistically-
based methods, it is the second most frequently used parameter (Reichenbach et al. 2018;
Dias et al. 2021b). Previous research about the influence of aspect in statistical methods by
Capitani et al. (2013) identified that aspect can significantly influence landslide distribu-
tion, especially for shallow landslides (superficial). As a simple morphometric variable, the
aspect may be controlled by the influence of local conditions (Reichenbach et al. 2018).
Considering the characteristics of GCCS territory, presenting many features, especially on
the basaltic rocks, the aspect may act as a proxy variable related to structural controls over
the slope’s geometric properties, such as the strata dip angle (Messenzehl et al. 2017; Zézere
etal. 2017).

For our area, the spurs were the geomorphons with the highest I'V, followed by slope, hol-
low, and ridge. The classification shows that the flat, summit, footslope, valley, and depres-
sion landforms do not influence the landslide distribution. Spurs can display high slope
angles, slopes, and ridges. Also, in the three mapped events, most of the landslide initiation
points are located close to the watershed divides, a piece of information that can explain
the higher IVs assumed by the abovementioned geomorphons. However, in the case of the
hollows, there is also a relationship between slope and curvature that implies flow conver-
gence and, consequently, an enhanced predisposition to shallow landslides and debris flows
(e.g., Zhang et al. 2020). The geomorphons are not commonly used in susceptibility studies,
but some authors have found good results when relating geomorphons and landslide distri-
bution (Steger et al. 2021; Acosta-Quesada and Quesada-Roman 2024). Geomorphons, as
complex variables, can better explain the variability of terrain characteristics and perform
better than basic variables (e.g., curvature). The curvature is the only predisposing factor
that is not present in any of the selected models. However, this variable is highlighted as one
of the most important for many studies conducted in Brazil (Fernandes et al. 2004; Vieira et
al. 2018; Dias et al. 2021a; Bonini et al. 2022).

Among these more complex variables, the TWI class under 4.57 displayed high values
for all the domains; however, this predisposing factor is present only in the SA30 model.
This can be related to the fact that for the other modeling domains, the presence of classes
with higher TWI is widespread compared to the escarpment area. The TWI is a variable
that can indicate areas of potential water flow accumulation, often waterlogged (Moore et
al. 1991; Rozycka et al. 2017). In that way, lower values of TWI can be related to small
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specific contribution areas, which favor rapid saturation during rainfall and are most often
affected by landslides.

We assume that ACCIT proved to be an effective tool for analyzing the independence
among the predisposing factors and the variables’ influence in the different modeling
domains. Although information value studies have been widely carried out in the last
decades, it is not common to assess the independence of predisposing factors, which is an
assumption of the bivariate methods (Pereira et al. 2012). In Brazil, few studies have carried
out a conditional independence diagnosis (e.g., Aratjo et al. 2021). The presence of con-
ditional dependence among the independent variables does result in some overestimation
of spatial probability (Agterberg and Cheng 2002), and we argue that future studies should
include this type of test in their modeling protocols.

The adopted strategy, to model heterogeneous domains, proved to be effective for our
study area, since we could realize that the selected predisposing factors behaved differently
for each domain. In that way, not only do the selected models have different combinations,
but also it is possible to notice that some classes of variables can better explain how the
predisposing factors were selected in the respective domain. Petschko et al. (2014) found
similar results by modeling geological domains separately, although, for our area, it was not
possible to model the domains without the escarpment area. Moreover, previous studies in
GCCS territory have already demonstrated that the analysis of mass movement susceptibil-
ity should be carried out considering the different characteristics of the geomorphological
compartment, even for qualitative assessments (Sugiyama and Gomes 2023).

A careful interpretation of the landscape can exemplify the reasons for adopting differ-
ent modeling domains (Fig. 10). In the GCCS territory, the highlands are mainly formed
by elevated and flat areas, except for the valleys carved by the drainage that mostly display
structural controls. In the same way, the plains areas present gentle slopes (usually less than
5°), and most existing rivers are typical of low-energy areas, forming extensive flood plains.
In contrast with these flat areas, the escarpment presents highly steep slopes, in many cases

Fig. 10 (a, b) The landscape of GCCS is marked by the contrast between the steeper slopes of the escarp-
ment (¢) and the flat areas of the highlands (d) and plains. Source: (b) Fernando Daminani
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Fig. 11 (a) Planet Scope Image (14/11/2024) of the area affected by the 2024 event. The image highlights
the affected areas and older scars from the 1995 event. (b) The 22 landslide-affected areas are classified
as moderately to very susceptible. (¢) Most of the shallow landslides occurred near the headwaters, char-
acterized by thin, elongated features. (d) At least six debris flows were triggered by this event, impacting
a large area of the plains

controlled by fractures and joints, where it is also possible to find canyons and waterfalls.
This abrupt contrast between these areas results in different amounts of sediments available,
energy (erosion power), and characteristics of the geomorphological process. Thus, it is not
unexpected that landslide predisposing factors behave differently in each geomorphological
compartment.

We assume that the final map obtained by merging the different domains is a satisfactory
depiction of landslide susceptibility in the area, especially considering the characteristics of
GCCS territory. Moreover, since the escarpment area was modeled separately, it is possible
to differentiate the very susceptible areas, which for other of the produced models could be
almost the whole escarpment. Thinking in Geopark management, this is a relevant achieve-
ment to help select the most critical areas to assess the hazard and create risk prevention and
mitigation plans. Indeed, many geosites are located in moderately to very high susceptible
areas or adjacent areas, which can be in the transport or deposition zones (Fig. 8).

On November 6, 2024, another landslide event occurred in the Serra Geral escarpment,
in one of the watersheds affected by the 1995 event (Fig. 11). This event happened after the
compilation of our landslide inventories and, therefore, these landslides were not included
in the modeling steps. However, a quick assessment of the affected areas revealed that all
the landslides occurred in areas classified as moderate to very high susceptibility in our map.
Of the 23 landslides triggered, 14 were in areas classified as having very high susceptibility,
seven in high susceptibility, and two in a moderate susceptibility area. It is important to note
that many landslides triggered near watershed divides are placed close to the boundaries
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between different susceptibility classes. This may be related to the DEM resolution, which
can influence the detailing of the susceptibility classification. Given that the 2024 landslides
were not considered during model construction, the location of the majority of affected areas
in the very high and high susceptibility classes supports the considerably high predictive
capacity of the final models.

Four limitations of this study can be indicated: (1) there is some degree of subjectivity
in the landslide affected-areas detection strategy, since the rules are defined by the user and
they tend to be both site- and event-specific (i.e., the same set of rules may not perform well
for different areas and/or landslide events); (2) the best DEM was available at medium spa-
tial resolution and this affects both the differentiation between landslides and hydrodynamic
processes and the detailing of the susceptibility assessment; (3) as is the case with most
global statistical models, the use of single weighting factors for the independent variables
can be problematic in areas with complex geomorphological setting, and also some of the
independent variables may have non-linear relationships with the dependent one that are
not captured by the models; and (4) in the majority of the generalized events that occurred
in our area the landslides on the slopes tend to trigger debris flows with long runouts, that
remobilize the valley bottom materials and reach exposed elements far from the point where
the shallow landslides were initiated (e.g., built infrastructure).

Concerning the first one, we consider it a minor problem for our approach, given that the
majority of landslide inventories in Brazil are produced by conventional visual interpreta-
tion, whose procedures may be less systematic than the ones employed in this study. About
the second limitation, this data type is unavailable in most of Brazil in high resolution, like
LiDAR Digital Terrain Models with wide territorial coverage. The third limitation is com-
mon to our study and the ones that employed global multivariate methods, such as logistic
regression. It was mitigated by the use of heterogeneous modeling domains, allowing differ-
ent combinations of predisposing factors and weighting factors for each geomorphological
compartment. Finally, the fourth and last limitation can be overcome in future studies that
will strongly benefit from this work’s products to perform debris flow susceptibility and
trajectory analysis (which was out of scope here).

6 Conclusions

This research produced inventories for three generalized mass movement events that occurred
in the last 30 years in the Caminhos dos Canions do Sul UNESCO Geopark (GCCS), using
a semi-automatic Object-Based Image Analysis (OBIA) procedure. The events were identi-
fied in archive orbital images from 1996, 2009, and 2011. The results show that an area of
12,2 km? was affected by debris flows and other hydrodynamic processes, and 7,13 km? by
shallow landslides. Afterwards, a shallow landslide statistically based susceptibility assess-
ment was conducted for four different modeling domains based on the geomorphological
compartments (total area, highland, escarpment, and plains). Seven different predispos-
ing factors were combined, resulting in 120 combinations for each modeling domain. The
results show a better response of aspect and geomorphons (present in all four selected mod-
els), and for composite morphometric variables such as the TWI and the TRI.

The modeling strategy based on heterogeneous domains proved to be efficient in analyz-
ing different controls exerted by the predisposing factor classes in each geomorphological
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compartment. Additionally, this strategy, combined with the conditional independence test,
prevented a generalization of the very high susceptibility class and provided a robust model-
ing framework. The final map, composed by the combination of the three modeling domains
corresponding to the geomorphological compartments, resulted in 59,5% of Very Low sus-
ceptibility area, 19,7% of Low, 12,1% of Moderate, 5,4% of High, and 3,3% of Very High.

Limitations due to data resolution (satellite imagery and DEM), the occurrence of cas-
cading landslides and hydrodynamic processes, and nonlinear relationships between depen-
dent and independent variables were identified and acknowledged.

Nonetheless, while acknowledging the study’s limitations, the final susceptibility map
yielded satisfactory results, enabling the identification of 10 geosites predominantly situ-
ated within landslide-prone areas. These findings are expected to make substantial contribu-
tions to the development and implementation of geohazard risk prevention, mitigation, and
management plans. Those plans can support the safeguarding of the GCCS geoheritage and
the tourists, and are especially urgent due to the expected changes in landslide frequency
and magnitude related to changes in rainfall patterns that are expected as a consequence of
global climate change.

Therefore, the results presented in this paper can be useful for future studies to determine
the temporal probability of landslides in the Geopark area. Since the weather station distri-
bution does not allow a feasible estimation of rainfall thresholds, this could be carried out
by testing the most suitable rainfall measures from spaceborne sensors. This analysis could
then support a spatially explicit hazard assessment capable of simulating runout areas and
potential infrastructural and geoheritage impacts related to landslide occurrence.
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