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ABSTRACT

Landslides are significant geological events that can lead to economic, physical, and human losses, as well as degradation
of ecosystems and environmental services. This study proposed a methodology to assess ecological vulnerability by
incorporating landscape variables and regeneration times, and applied it in a three-dimensional ecological risk model for
landslides, considering susceptibility, ecological vulnerability, and population exposure. Using Remote Sensing (RS) data
and Geographic Information Systems (GIS), the methodology was applied to the municipality of Barra do Turvo-SP, a
region in the Serra do Mar Mountain range with a history of landslides. Results indicated that most of the territory
exhibited low (45.55%) and moderate (41.96%) ecological vulnerability, with small areas showing high (11.56%) and
very low/very high (0.93%) vulnerability. The risk analysis revealed 25.55% of the area with low risk, 23.01% moderate,
and 20.15% high, with the other 31.29% representing very low and very high classes. It is concluded that the proposed
methodology is effective and applicable in similar contexts, highlighting the importance of conservation policies to
mitigate risks and protect ecosystems. The approach, integrating ecological variables and RS and GIS data, provides a
valuable tool for decision-makers in disaster prevention and environmental planning.

Keywords: Ecological values, susceptibility, remote sensing, Geographic Information Systems (GIS), three-dimensional

model.

Vulnerabilidade ecologica na mensuracao de risco a deslizamentos de terra no
municipio de Barra do Turvo-SP, Brasil

RESUMO

Deslizamentos de terra sdo eventos geoldgicos de grande impacto, resultando em perdas econémicas, fisicas, humanas e
na degradacdo de ecossistemas e servi¢cos ambientais. Este estudo propds uma metodologia para avaliar a vulnerabilidade
ecoldgica, incorporando variaveis da paisagem e tempos de regeneracdo, e aplicad-la em um modelo tridimensional de
risco ecoldgico de deslizamentos, considerando suscetibilidade, vulnerabilidade ecoldgica e exposi¢do populacional.
Utilizando dados de Sensoriamento Remoto (SR) e Sistemas de Informacgdes Geogréaficas (SIG), a metodologia foi
aplicada em Barra do Turvo-SP, uma regido da Serra do Mar com histérico de deslizamentos. Os resultados apontaram
que a maior parte do territério possui vulnerabilidade ecol6gica baixa (45,55%) e moderada (41,96%), com pequenas
areas de alta (11,56%) e muito baixa/muito alta (0.96%). A analise de risco revelou 25,55% de risco baixo, 23,01%
moderado e 20,15% alto, sendo os outros 31.29% representando as classes de risco muito baixa e muito alta. Conclui-se
gue a metodologia € eficaz e aplicdvel em contextos semelhantes, destacando a importancia de politicas de conservagao
para mitigar riscos e proteger ecossistemas. A abordagem, integrando variaveis ecolégicas e dados de SR e SIG, fornece
uma ferramenta valiosa para gestores na prevencdo de desastres e planejamento ambiental.

Palavras-chave: Valores ecoldgicos, suscetibilidade, sensoriamento remoto, Sistemas de Informacao Geogréafica (SIG),
modelo tridimensional.

Introduction

In recent years, geological disasters have causing continuous destruction of ecological
frequently occurred worldwide (Wan et al., 2021), environments and properties, as well as threatening
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human lives (Ma & Mei, 2021). In Brazil,
according to the Brazilian Disaster Atlas, between
2013 and 2023, landslides were highlighted as one
of the main types of geological disasters. During
this period, 980 landslide occurrences were
recorded (Brasil, 2023). Comprehensive analyses
of the consequences of these landslides are crucial
for mitigating their harmful effects (Spegel & Ek,
2022) and for the sustainable development of areas
susceptible to landslides (Nanehkaran et al., 2023).
A healthy ecological system is essential for species
diversity and the sustainability of natural resources.
However, geological disasters, such as landslides,
can cause significant environmental changes.
These events can lead to habitat fragmentation,
changes in landscape ecology, soil erosion, and
biodiversity loss, critically impacting regional
ecosystems (Zhang et al., 2017).

Given these impacts, it is important to
consider the concept of ecological risk. The
ecological risk is the combination of (i) hazard,
defined as the probability or susceptibility of a
dangerous event occurring that can cause harm to
the ecosystem, whether natural or human-induced,
(ii) ecological vulnerability, which is the
susceptibility of an ecosystem to suffer damage
from external disturbances, encompassing both
natural events and anthropogenic activities; and
(iii) exposure, which represents the response of risk
receptors to risk sources (Chen et al., 2013).
Ecological risk assessment has become a popular
research topic among scholars (Xu et al., 2021;
Karimian et al., 2022), establishing itself as an
essential area of study in global disaster prevention
and mitigation strategies (Lin et al., 2021).
Although ecological risk analysis is a growing field
of study, much of the research has focused on
events such as pollutant dispersion, floods,
droughts, and typhoons (Cunha et al., 2021; Li et
al., 2022). On the other hand, the assessment and
specific study of ecological risk associated with
geological disasters remain areas that require more
attention. Despite advances in ecological risk
analysis, detailed studies on ecological
vulnerability related to landslides are still scarce,
particularly in mountainous regions with complex
geological and ecological characteristics. This
knowledge gap poses a significant challenge for
risk management and environmental conservation,
highlighting the need for integrated approaches that
consider ecological complexity for a deeper
understanding of vulnerability in disaster-prone
areas. (Lin etal., 2021).

The reduction or modification of the
magnitude of landslides is a complex task;
therefore, it is essential to prioritize the study of
exposure and system vulnerabilities in the context
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of risk analysis (Birkmann et al., 2013).
Vulnerability  integrates  multivariate  and
multidimensional attributes. There is no consensual
or widely accepted definition for the term
"ecological vulnerability" in literature (Jiang et al.,
2018), and, according to Lange et al. (2010), this
term is broad and applicable to organisms,
populations, communities, ecosystems, and
landscapes. Ecological vulnerability assessment is

a fundamental approach to  mitigating
environmental degradation, strengthening
ecological ~ conservation, and  supporting

sustainable development (Turner et al., 2003).
Analyses conducted in areas prone to landslides
can provide valuable insights into ecosystem
resilience and guide land use and conservation
policies (Wang, 2021).

Recently, studies have deepened the
understanding of the relationship between
ecological vulnerability and geological disasters,
with an emphasis on landslides. For instance,
Arrogante-Funes et al. (2021) illustrate this
approach by presenting a heuristic landslide risk
model that integrates a susceptibility map
generated by AutoML with a vulnerability map that
considers both ecological and socioeconomic
factors. Using spatial data such as remote sensing
and official Mexican databases, their study, applied
in the State of Guerrero, Mexico, found that the
highest ecological vulnerability was located in
mountainous areas. Moreover, they demonstrated
that combining susceptibility and vulnerability
mapping provides a valuable initial tool for
addressing landslide-related disasters.

Similarly, Xiao et al. (2023) developed an
ecological environment vulnerability assessment
system for mountainous regions with complex
topography, incorporating data on vegetation,
topography, soil, meteorological, and social
factors. Applied to the mountainous region of
western Sichuan, China, their model indicated an
overall medium vulnerability. The correlation
between vulnerability and geological factors was
non-linear, highlighting the influence of multiple
human and natural variables. These findings
provide an important scientific basis for
environmental management in  mountainous
regions.

Additionally, Broquet et al. (2024)
conducted a global-scale assessment, expanding
the ecological perspective in  landslide
susceptibility  assessments by integrating
ecological factors such as the Normalized
Difference Vegetation Index (NDV1) and Land Use
and Land Cover (LULC), thereby fostering
collaboration between disaster risk reduction and
conservation efforts.
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In line with these studies, the present
research aims to evaluate ecological vulnerability
and identify the areas and ecosystems most
susceptible to negative impacts from landslides.

Assessing ecological vulnerability has
significantly benefited from Remote Sensing (RS)
and Geographic Information Systems (GIS)
technologies, which enable the effective
integration of natural, social, and economic
indicators across large spatial and temporal scales.
Li et al. (2021) demonstrated the effectiveness of
GIS in detailed spatial heterogeneity analysis for
ecological risk assessments, as evidenced by its
application in the Qinling Mountains, located in
north-central China, where factors such as
population density and vegetation cover (NDVI)
were mapped with precision. This approach
highlights the importance of GIS for mapping and
analyzing ecological risks at various scales,
providing a solid foundation for regional ecological
safety management and optimization.

Kamran and Yamamoto (2023) conducted
a global-scale review of 80 studies and noted both
qualitative and quantitative growth in research
utilizing these technologies, emphasizing the
frequent use of data sets such as Landsat and
software like ArcGIS.

In this context, the application of RS and
GIS techniques has proven effective for capturing
data from multiple sources and providing detailed
spatial analysis, and it is applied in the present
research.

The central hypothesis of this research is
that an integrated assessment of ecological
vulnerability can identify areas and ecosystems
more susceptible to negative impacts associated
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with landslides. This approach is particularly
effective when applied in a three-dimensional
model that combines landslide susceptibility and
human exposure, using RS and GIS data to provide
a detailed understanding of the spatial distribution
of ecological risk.

The municipality of Barra do Turvo-SP,
Brazil, where this methodology was applied, lacks
detailed studies on the subject. This region,
characterized by mountainous environments, has a
history of landslides due to geological,
geotechnical, and geomorphological
characteristics, as well as hydrological
discontinuities related to the local hot and humid
climate.  Anthropogenic  factors such as
urbanization, agriculture, and deforestation also
contribute to increasing risk areas.

Therefore, the main objective of this study
is to conduct a comprehensive assessment of
ecological vulnerability in Barra do Turvo-SP,
Brazil, incorporating landscape variables and
regeneration times. Additionally, it aims to apply
this assessment in a three-dimensional ecological
risk analysis that considers landslide susceptibility
and population exposure. The research relies on
remote sensing, GIS technologies, and open-access
data to provide a robust analysis that can be
replicated in other regional contexts.

Materials and methods

Study area

Barra do Turvo is a municipality in the
state of Sdo Paulo, located in southeastern Brazil,
and has a territorial area of 1,007,684 km? (Figure
1).
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Figure 1. Location of the Barra do Turvo municipality - SP, Brazil.

The region belongs to the Serra do Mar
Paranapiacaba escarpments (IBGE, 2006) and has
extensive slopes and steep inclines, accompanied
by deep and relatively narrow valleys. The
altimetric variation is from 100 m in lower altitude
areas to 1,200 m in the highest portions, with an
average altitude in the range of 700 to 900 m (Ross,
2002).

Barra do Turvo’s geomorphological
characteristics confer an intrinsic fragility to its
ecological ~ environment.  The  geological
composition of the region is complex (Faleiros &
Pavan, 2013). The topographic characteristics,
combined with the geological nature of Serra do
Mar, contribute to the frequent occurrence of
landslides (Cerri et al., 2018), generally in the form
of shallow translational movements (Riedel, 2010).
The Arteris concessionaire, which is responsible
for BR-116 - a highway that crosses the
municipality —, reported 93 landslide occurrences
in the region from 2010 to 2018 (APRB, 2019).

According to the Kdppen-Geider system,
the climate is classified as humid subtropical with
cool summer (Cfb) in the upper regions and humid
subtropical with hot summer (Cfa) in the lower
regions (SSE, 2010). The average annual
precipitation varies between 1,500 and 2,000 mm,
with an average annual temperature of 21.5 °C
(Rousselet-Gadenne, 2004).

Regarding hydrological aspects, the region
belongs to the Ribeira de Iguape drainage basin,
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characterized by an extensive network of
tributaries of the Ribeira River. The county is
located in the Atlantic Forest biome and more than
70% of its territory is in conservation units (Bim &
Furlan, 2013). With 6,875 inhabitants (IBGE,
2022), concentrated mainly in rural areas, the
majority of the county’s population works in
agriculture, livestock, and extractive exploration
(Brandao et al., 1999). The region also has high
levels of poverty and low life quality indicators
(Coelho & Favareto, 2008).

Given the region's characteristics, such as
steep slopes and other geological aspects, high
rainfall index, anthropological influences on the
physical environment, and past landslide
occurrences, it is a region of interest for studies
aimed at mitigating risks related to landslides.

Ecological risk

Ecological risk is the adverse impact that
accidents or disasters can cause on the ecosystem
or on its components within a given area (Lin et al.,
2021). According to other relevant studies
(Chuvieco et al.,, 2014; Zong et al., 2023), the
ecological risk of a geological disaster can be
defined as a three-dimensional model that
considers hazard, vulnerability, and exposure.
Exposure represents the response of risk recipients
to risk sources; vulnerability is related to the
potential damage that disasters can cause to
ecosystems; and hazard represents the probability
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of landslide occurrence (susceptibility). Figure 2
presents a flowchart of the ecological risk
assessment process in the study area.
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Figure 2. Flowchart of the ecological risk assessment process in the study area.

Exposure

The exposed local population was
considered to be at risk after the occurrence of
geological disasters, since populations are the first
risk elements that require protection in a territory
(Guillard-Gongalves et al.,, 2014), and the
interaction between human activities and natural
environments can exacerbate the susceptibility of
ecosystems to hazards. By incorporating human
exposure into the analysis, a holistic assessment of
ecological risks is provided, acknowledging the
dual impact on both human and ecological systems.
The mapping of the exposed population was
analyzed based on the 2022 census data, as these
were the only open-access data available for the
study area. In the analysis, the exposed population

was represented by points, with each point
corresponding to 50 inhabitants, using the dot
density tool in ArcGIS. The population data for
each census tract were aggregated and
proportionally distributed within each tract.

Ecological vulnerability

The  representation  of  ecological
vulnerability was adapted from the model proposed
by Arrogante-Funes et al. (2021). The model was
used in a landslide risk assessment, considering the
ecological factors of the landscape - ecological
values, and the delay in ecological regeneration
(Figure 2). The assessment of ecological
vulnerability to landslides was conducted by
integrating the mapping of ecological values with
the delay in ecological regeneration (Table 1).

Table 1. Ecological vulnerability to landslides resulting from ecological values and delay in ecological

regeneration.

Delay in ecological regeneration

Ecological values

Very low Low Moderate High Very high

Very low Moderate High High Very high Very high

Low Moderate Moderate High High Very high
Moderate Low Moderate Moderate High High
High Low Low Moderate Moderate High

Very high Very low Low Low Moderate Moderate

Batista, E. F.; Passini, L. B.
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Ecological values

The ecological values were determined
through the evaluation of indicators that measure
the quality of ecosystems. These indicators are
related to three specific aspects: biodiversity;
conservation status; and habitat fragmentation.
Using the ArcGIS software, the variable layers
were resampled and reprojected to the same pixel
size (10 x 10 m) and projection (SIRGAS 2000
UTM Zone 22S).

For the biodiversity indicator, Net Primary
Production (NPP) was used as a variable to
represent the amount of carbon recently fixed by
photosynthesis in the plant community per unit of
space and time. The total amount of carbon fixed
by an ecosystem is called Gross Primary
Production (GPP). Thus, NPP is the difference
between GPP and the carbon consumed during
plant respiration (Chapin et al., 2002). NPP stands
out as a fundamental indicator of ecosystems’
ecological integrity, management of natural
resources, and the carbon cycle in the biosphere.
Thus, it is a relevant variable for scientific research
and the maintenance of environmental balance
(Cao etal., 2004).

The model used to estimate NPP was made
available by the USA’s National Aeronautics and
Space Administration (NASA) as part of the Earth
Observing System (EOS) program, and it is derived
from the Moderate Resolution Imaging
Spectroradiometer (MODIS) sensor aboard the
satellite Terra (Xiong etal., 2011). In this study, the
product MOD17A3HGF - version 6.1 was used. It
employs an algorithm to continuously estimate
NPP in terms of space and time, on an annual basis,
with a spatial resolution of 500 m (Running and

Zhao, 2021). The annual NPP value for 2022 was
obtained by calculating the average of all 8-day Net
Photosynthesis (NPS) products from MOD17A2H.
This was done by summing the NPS values from
each 8 days throughout the year and then dividing
by the number of 8-day periods in the year.

To estimate NPP, the MODIS team
employs a range of methods and data. Initially,
estimates of Fraction of Photosynthetically Active
Radiation (FPAR) and Intercepted
Photosynthetically Active Radiation (IPAR) are
multiplied to calculate the daily Absorbed
Photosynthetically Active Radiation (APAR). The
daily APAR is then combined with efficiency
parameters, obtained through the Biome Properties
Look-Up Table (BPLUT), in order to estimate the
daily GPP. The second part of the algorithm
calculates the annual Maintenance Respiration
(MR), also considering the effects of growth
respiration. The parameters used are related to
specific physical information for each type of
biome, as defined in BPLUT. Additionally, daily
meteorological data provided by the Global
Modeling and Assimilation Office Research Site
(GMAO) are incorporated. Thus, the annual MR is
subtracted from the annual GPP to produce an
estimate of the annual NPP.

To process the variable, NPP values were
converted from digital numbers to biophysical
values by multiplying the pixels of the layers by a
correction factor of 0.0001. Thus, the NPP values
for the year 2022 were obtained, with the unit of
each pixel expressed in gC m-2 year-1. The NPP
values were divided into four classes using the
“natural breaks” method, and each class was
reclassified into values that ranged from 0.25 to 1
(Table 2).

Table 2. Criteria used in the ecological values category.

Indicator Variable Variation Reclassification
Biodiversity NPP 0-10000 gC m?year! 0.25-0.50-0.70 -1
) AP 0/1 0/1
Conservation
IN 0-1 0-0.25-0.50-0.75-1
Habitat Fragmentation FH 1-2 0.25-0.50 - 0.75 -1

For the conservation status indicator,
Protected Areas (PAs) and the Naturalness Index
(NI) were considered variables, since protected and
natural areas commonly have higher ecological
values in comparison with unprotected or artificial
areas, making them more ecologically vulnerable.
The final conservation status was calculated based
on the average of the variables referring to the PAs
and the NI.

PAs are classified as geographically
delimited spaces, whose main purpose is the
Batista, E. F.; Passini, L. B.

conservation and preservation of the natural and/or
cultural resources associated with them (Medeiros,
2006). A comprehensive survey of all conservation
units located in the municipality of Barra do Turvo
was initially conducted, consulting the National
Register of Conservation Units (CNUC)
maintained by the Ministry of the Environment
(MMA). This database includes all categories of
protected areas in Brazil, such as Ecological
Stations, Biological Reserves, National Parks,
Ecological Interest, National Forests, Extractive
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Reserves, Fauna Reserves, Sustainable
Development Reserves, and Private Natural
Heritage Reserves.

The names of each conservation unit
identified were used to obtain their respective
shapefiles from the World Database on Protected
Areas (WDPA), made available by the UN
Environment Program World Conservation
Monitoring Center (UNEP-WCMC) and the
International Union for Conservation of Nature
(IUCN). The WDPA is updated monthly and
collects information from nearly 500 sources,
including  contributions  from  governments,
communities, and collaborating partners (UNEP-
WCMC and IUCN, 2023). The mapping of PAs
was reclassified into two categories, in which 0
corresponds to non-protected areas and 1
corresponds to PAs (Table 2).

The ecosystem's NI evaluates the degree to
which a given area has not been modified or
influenced by human activities (Hunter et al.,
1996). The construction of the NI was based on the
Landscape Mosaic (LM) model and was conducted
using the GuidosToolbox (Graphical User
Interface for the Description of Image Objects and
their Shapes) software, provided by the Joint
Research Center of the European Commission
(JRC) (Vogt, 2023).

In this model, based on the classes of a land
use and cover map, a generalization occurs
according to the similarity in natural or semi-
natural environments, agricultural areas, and urban
areas. In the generated map, each pixel is classified
under the composition of the types of use and
coverage present in a predefined neighborhood
area around it, resulting in a mosaic map of the
landscape. The assignment of one of the 19
possible mosaic classes to a central pixel of the
moving window is determined according to the
percentage of each type of land use and cover,
following a tripolar classification scheme. The
values that define the landscape mosaic include
absence (0%), substantial presence (10%),
dominance (60%), and exclusivity (100%) of each
of the three types of triangle axes (Riitters et al.,
2009).

Landscape mosaic classes follow a set of
specific rules: in classes with cover types making
up less than 10% of the landscape, the
corresponding letter is not included in the class
name; classes with lowercase letters (a, u, n) in
their names indicate that the corresponding type of
cover (agricultural, urban, natural) covers more
than 10% and less than 60% of the landscape;
classes with capital letters (A, U, N) reflect that the
corresponding cover type represents more than
60% but less than 100% of the landscape; classes
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AA, UU and NN are used to identify landscapes
that contain exactly 100% of the corresponding
cover type. It is also possible to aggregate the 19
mosaic classes into four landscape context classes,
which distinguish regions dominated by at least
60% of one of the three generic cover types from
regions that are not dominated by any cover type,
called mixed landscapes (Vogt, 2023).

For the land use and cover map, the
WorldCover 2021 product from the European
Space Agency (ESA) was used, which consists of
a global raster map generated on image recognition
techniques and data from the Sentinel-1 and
Sentinel-2 satellites (including radar and optical
images) as inputs. WorldCover 2021 maps 11
classes of land use and cover with a resolution of
10 m (Zanaga et al., 2022). The map was
reclassified into four classes, with corresponding
values in bytes: 1 - Agricultural (encompassing
cultivation and pasture areas); 2 - Natural
(representing the forest class); 3 - Urban (covering
exposed land and urbanized areas); and an
additional class for missing data or bodies of water,
with a value equal to 0.

The processing of the landscape mosaic
occurred after the inclusion of the land use and
cover map previously prepared in the
GuidosToolbox software. To carry out this
procedure, the following resources were accessed
from the menu: Image Analysis, followed by
selecting the Pattern option, and subsequently
choosing the Moving Window and Landscape
Mosaic options. The landscape mosaic classes
were reclassified resulting in the NI, in which 0
corresponds to the most artificial types of
ecosystems and 1 represents the most natural
ecosystems. The specific values assigned to each
class corresponded to 0.25 for the An, Un, Aun,
Uan, na, un, and aun classes; 0.50 for the Na, Nu,
Nau classes; 0.75 for the N class; 1 for the NN
class; and 0 for the A, U, Au, Ua, au, AA, and UU
classes.

As for habitat fragmentation, it is crucial to
recognize its role in biodiversity loss (Farina,
2022). It can be defined as the transformation of an
extensive habitat into others isolated from each
other, each with a smaller surface, forming a matrix
of habitats different from the original (Kurki et al.,
2000).

The Morphological Spatial Pattern
Analysis (MSPA) implemented by Soille and VVogt
(2009) in the GuidosToolbox software was
considered a variable for the habitat fragmentation
indicator. The MSPA methodology involves a
sequence of mathematical morphological operators
designed to characterize the spatial distribution of
the components of an image. This approach is
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based on the segmentation of objects present in the
foreground of a given binary image, classifying
them into seven generic categories.

To carry out MSPA processing, a land use
and cover map must be prepared. In the analysis, as
well as in the assessment of the conservation status,
WorldCover 2021 was also used. In the preparation
process, the study area was coded into 3 distinct
classes: 2 for the foreground, which comprises the
forest areas; 1 for the background, including the
remaining land use and cover classes; and 0 for
regions with missing data or bodies of water.

After the preparation, the image was
inserted into the Guidos Toolbox software, and
four parameters were defined:

*Foreground Connectivity (Options: 4, 8):
Determines how the central pixel in a 3x3 set is
connected to its adjacent neighboring pixels. It can
have either a shared pixel edge and pixel corner
(connectivity 8) or just a shared pixel edge
(connectivity 4);

*Edge Width (Options: 1, 2, 3, 4, ...):
Defines the width or thickness of classes that do not
correspond to the forest "core" area, meaning areas
that are not part of the interior habitat;

*Transition (Options: 0, 1): Refers to the
transition pixels, which are those on an edge or
perforation where the core habitat area intersects
with a loop or bridge. If the transition is set to 0 (to
not show transition pixels), then perforations and
edges will be presented as closed boundaries
delimiting interior habitat areas. The program's
default setting is to display transition pixels (value
1) to illustrate the detected connections;

eIntext (Options: 0, 1): Separates internal
and external features, where internal features are
defined as being surrounded by a perforation, such
as a forest clearing, limited by the clearing's edge.

For each parameter, the program's default
value was selected: 8 for Foreground Connectivity,
1 for Edge Width, 1 for Transition, and 1 for Intext.
After setting the configuration parameters, the
MSPA calculation was performed by accessing the
menu "Image Analysis" > "Pattern” > "MSPA".

As a result of image segmentation, seven
classes of patterns were generated for the
foreground, composed of Core, Islet, Perforation,
Edge, Loop, Bridge, and Branch. Based on the
MSPA classes, a Habitat Fragmentation (HF) index
was developed by assigning weights to each class,
considering its potential impact on biodiversity
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conservation. The classes Core, Background, and
Islet were evaluated with weights of 2, 1, and 1.1,
respectively. Branch and Loop shared a weight of
1.2, while Perforation and Edge were assigned a
weight of 1.3, and the Bridge class received a
weight of 1.5. Greater weights were assigned to
less fragmented areas, specifically the central
zones and those related to forest patches. The
assigned values were designated in accordance
with conclusions from previous studies, which
indicated close relationships between the resilience
of an ecosystem (its ability to recover from
disturbances) and its spatial coherence (the
consistency or pattern of the ecosystem elements’
spatial arrangement) (Opdam et al., 2006;
Chuvieco et al., 2014).

HF was reclassified, with values ranging
from 0.25 to 1, following the same approach as the
other ecological indicators (Table 2). The final
ecological value was obtained by averaging the
indicators of biodiversity, conservation status, and
habitat fragmentation; and categorized into four
classes, ranging from 0 to 1, representing the
categories of low, medium, high, and very high
ecological value.

Delay in ecological regeneration

Ecological values must be correlated with
different ecosystems’ ability to resist landslides
and regenerate after they occur, since potential
damage is more intense or lasting in less resilient
areas. In this study, erosion potential, which is
related to soil degradation susceptibility, was
considered in the analysis of ecological
regeneration, as areas with this characteristic can
experience a longer delay in ecological
regeneration post-landslide (Thapa et al., 2024).
The methodology, for Delay in ecological
regeneration, was based on four elements: slope,
protection level, rainfall erosivity index, and soil
erodibility index.

This study employs an innovative
methodology due to the integration of specific data
such as FABDEM V1-0, WDPA, GloREDa, and
the Soil Erodibility map from EMBRAPA,
providing a unique perspective on the ecological
vulnerability of the region. Thus, the delay in
ecological regeneration was calculated by
aggregating the four previously mentioned factors,
using cross-tabulation (Table 3).

2628



Revista Brasileira de Geografia Fisica v.18, n.04 (2025) 2621-2639.

Table 3. Levels associated with delay in ecological regeneration.

Slope

Protection Levels

Rain erosivity index and soil erodibility index

Low Moderate High Very high
Flat Protected Very low Very low Low Low
Gentle Protected Very low Low Low Moderate
Undulating Protected Low Low Moderate Moderate
Strong Protected Low Moderate Moderate High
Mountainous Protected Moderate Moderate High High
Steep Protected Moderate High High Very high
Flat Not Protected Very low Low Low Moderate
Gentle Not Protected Low Low Moderate Moderate
Undulating Not Protected Low Moderate Moderate High
Strong Not Protected Moderate Moderate High High
Mountainous Not Protected Moderate High High Very high
Steep Not Protected High High Very high Very high

FABDEM V1-0, a global Digital Elevation
Model (DEM) that removed the heights of
buildings and trees from DEM Copernicus GLO
30, was used for slope analysis. Evaluated and
ranked among several global DEMs, according to
Bielski et al. (2023), FABDEM achieved third
place in a general quality ranking, also securing
first place in the Digital Terrain Model category.
The DEM was obtained from the University of
Bristol Research Data Repository and has an
approximate resolution of 30 m (Hawker and Neal,
2021). The slope map was created using the tools
in ArcGIS Pro: Spatial Analyst Tools > Surface >
Slope. When applying these tools, the output data
was selected to be in percentage inclinations. The
slope map, generated by DEM processing, was
categorized into six classes, according to the Soil
Classification System established by the Brazilian
Agricultural Research Corporation (EMBRAPA,
2013).

Regarding the level of protection, data
from the mapping of both protected and non-
protected areas in the study region were used. The
level of protection was employed to calculate the
delay in ecological regeneration, indicating the
area's resilience.

To calculate the rainfall erosivity index,
the Global Rainfall Erosivity Database (GIoREDa)
was used, provided by the European Soil Data
Center (ESDAC) (Panagos et al., 2023). In the
model, rainfall erosivity is evaluated through the R
Factor of the Revised Universal Soil Loss Equation
(RUSLE) based on an available set of global data.
GloREDa compiles data from 3,625 rain gauges in
63 countries. The R factor values are calculated
from precipitation data with different temporal
resolutions, which are normalized to 30-minute
temporal resolutions using linear regression
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functions. The temporal coverage spans a period of
30 to 40 years, with a predominance in the years
2000 to 2010, and 1 km of spatial resolution. The
rain erosivity index was categorized into five
classes based on the classification proposed by
Carvalho (2008).

Regarding the soil erodibility index, the
Soil Erodibility to Water Erosion map of Brazil
(2020), developed by EMBRAPA (2020), was
used. The model reflects the soil's intrinsic capacity
to resist water erosion, corresponding to the K
Factor of the Universal Soil Loss Equation
(USLE). This factor is influenced exclusively by
attributes inherent to the soil, such as particle size,
structure, organic carbon content, permeability,
depth, presence or absence of a compacted layer,
and stoniness.

The delay in ecological regeneration
represents the necessary period for pre-landslide
conditions to be re-established. Therefore, the
higher the delay values, the greater the
vulnerability.

Hazard

Due to the availability of a previous study
regarding the susceptibility to landslides in the
municipality of Barra do Turvo, the map developed
by Dalmas (2012), published in the GIS of the
Ribeira de Iguape River and South Coast
Hydrographic Basin Committee, was used (CBH-
RB). This mapping is the result of the project
“Survey and monitoring of risk areas in UGRH-11
and support for Civil Defense”, financed by the Sdo
Paulo State Water Resources Fund (Fundo
Estadual de Recursos Hidricos do Estado de S&o
Paulo - FEHIDRO).

The landslide susceptibility map was
prepared by integrating lithological,

2629



Revista Brasileira de Geografia Fisica v.18, n.04 (2025) 2621-2639.

geomorphological, pedological, and vegetation
maps. A multi-criteria analysis was conducted
using Weighted Linear Combination (WLC), a
deterministic approach that assigns fixed weights
to each variable, using the IDRISI Andes software
(Eastman, 2006). The results obtained were
validated with field data. Considering that the
emphasis of this research is on the measurement
and assessment of ecological vulnerability and its
application in risk analysis, it is recommended to
consult the work of Dalmas (2012) for more details
on the construction of the susceptibility map.

Ecological risk zones

To delimit the risk zones and carry out the
analysis of the ecological landslide risk, the
ecological vulnerability mapping was integrated
into the susceptibility map.

Based on methodologies used in previous
studies on risk analyses associated with landslides
(Guillard-Gongcalves et al., 2014; Lacerda et al.,
2014), a matrix (Table 4) was used to delineate
ecological risk zones, highlighting the regions that
simultaneously  presented  high  ecological
vulnerability and high susceptibility to landslides.
In the model, ecological vulnerability and
susceptibility are not weighted, that is, both have
the same weight in risk areas.

Table 4. Matrix delineating risk zones.

Susceptibility
Vulnerability

Very low Low Moderate High Very high
Very low Very low Very low Very low Low Moderate

Low Very low Very low Low Moderate High
Moderate Very low Low Moderate High Very high
High Low Moderate High Very high Very high
Very high Moderate High Very high Very high Very high

Results and discussion

Determination of ecological values
As a result of the characteristics of the

ecological values’ spatial distribution, the
biodiversity indicator showed a predominance of
approximately 85% of "high productivity"
throughout the territory of Barra do Turvo. This is
explained by the extensive Atlantic Forest
coverage in the region, which aligns with the study
by Silva et al. (2023), who also identified high
levels of Net Primary Production (NPP) in similar
tropical forest ecosystems. Pasture areas and
urbanized areas accounted for the other 15% and
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presented lower NPP values. Throughout the
municipality, NPP values ranged from 1023.15 gC
m2 year?! to 3276.20 gC m year? (Figure 3-A).
NPP was considered as a variable for the
biodiversity indicator, as it reflects the potential
richness of species in a given region. Areas with
higher NPP generally have more abundant
resources to support animal and plant life (Duro et
al., 2007). Consequently, this greater biological
wealth increases ecological values and makes the
region less vulnerable, highlighting the need for
sustainable management practices and prevention
measures, thus preserving the integrity of the local
ecosystem.
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Figure 3. Spatial distribution of indicators for assessing the ecological values of the study area.

With regard to the state of conservation
(Figure 3-B), 67% of the municipality's area is
covered by Protected Areas (PAs), while the
remaining 33% consists of non-protected areas.
This significant coverage underscores the vital role
of environmental preservation in maintaining the
ecological stability of Barra do Turvo, contributing
directly to the conservation of local ecosystems.
McNeely (2020) emphasizes that PAs coverage
positively influences biodiversity conservation,
especially in high-value ecological areas,
reinforcing the relevance of these findings.

In relation to the Naturalness Index (NI)
(Figure 3-C), grouping the 19 classes of the
landscape mosaic into 4 categories indicates that
86.4% of the areas correspond to natural
landscapes, 10.2% to agricultural areas, 0.1% to
urban areas, and 3.3% to mixed landscapes. The
relatively low level of fragmentation observed may
contribute to reduced ecological vulnerability and
help maintain the ecological integrity of the region.
The conservation status indicator plays a
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fundamental role in assessing the ecological values
of the region, since more natural habitats are of
paramount importance, not only for the protection
of all layers of biological diversity but also for the
preservation of essential ecosystem processes
(Chuvieco et al., 2014).

As for the indicator of habitat
fragmentation (Figure 3-D), in the distribution of
the Morphological Spatial Pattern Analysis
(MSPA) variable, 94.98% of the territory is
characterized as standard Core, representing the
interior habitat. The remaining 5.02% is distributed
among other classes, including islet, branch, loop,
edge, perforation, and bridge. The mapping of
ecological values was obtained after reclassifying
and calculating the average of the indicators.

The distribution of ecological values
(Figure 3-E) reveals a predominance of areas
classified as very high, encompassing 56.23% of
the territory. High values account for 24.09%,
followed by moderate values at 11.24%. Low and
very low values are less common, representing
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6.73% and 1.70% of the area, respectively. These
results highlight the significant ecological
importance of the study area, emphasizing the need
to preserve these attributes in the region.

Quantifying the delay in ecological regeneration
In the analysis of the delay in ecological

regeneration, regarding the slope factor (Figure 4-
A), a significant presence of reliefs classified as
strongly undulating (44.42%) and hilly (21.79%)

was identified, together covering 66.21% of the
study area. The remaining area is characterized by
flat (6.17%), gently undulating (6.53%),
undulating (19.49%), and steep (1.60%) terrains.
The dominance of strongly undulating and hilly
terrains suggests that regeneration may face
challenges, especially in areas with increasing
rainfall erosivity. For the level of protection, the
map previously presented in Figure 3-B was used,
which delimits the protected and non-protected
areas of the municipality.
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Figure 4. Spatial distribution of indicators of delay in ecological regeneration in the study area.

The variation in the rainfall erosivity index
(Figure 4-B), which ranged from 6,261.78 to
11,732.30 MJ mm ha-1 h-1 year-1, highlights the
potential for erosion in the region. This finding is
consistent with Panagos et al. (2023), who
emphasized that high rainfall erosivity plays a
critical role in the erosion processes, which can
further delay ecological regeneration.
Spatialization indicated the absence of areas
categorized as having very low and low erosivity.
On the other hand, 77.14% of the municipal region
had a high erosivity potential, 17.24% very high,
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and 5.62% moderate. Despite some uncertainties
inherent to mapping using data from a global
database, such as data precision and temporal
variability, the results obtained are in line with
previous studies, such as that of Cecilio et al.
(2021), who reported erosivity index values for the
municipality of Barra do Turvo ranging from 6.421
to 9.397 MJ mm ha-1 h-1 year-1, based on data
from the Barra do Turvo and Rio Pardinho rainfall
stations.

In relation to the soil erodibility index
(Figure 4-C), which is intrinsically related to the
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property that makes the soil susceptible to erosion,
40.54% of the study area presents moderate levels
of erosion, 31.88% high erosion, and 6.30% very
high erosion. Additionally, 21.21% of the area
exhibits low erosion, while 0.07% corresponds to
urban areas. These findings align with observations
by Stokes et al. (2014), which indicate that areas
with high soil erodibility face significant
challenges in maintaining ecological stability,
especially  following disturbances such as
landslides.

After cross-tabulating the four elements
referring to the delay in ecological regeneration
(Figure 4-D), 47.25% of the total territorial area
shows a moderate delay, 38.07% a high delay,
12.69% a low delay, 1.09% a very high delay, and
0.90% a very low delay. The delay in regeneration,
associated with significant rates of erosion,
suggests a fragility in the balance of the local
ecosystem. The decrease in vegetation cover and
soil exposure increases vulnerability, making areas
prone to erosion and, consequently, landslides,
especially during periods of intense rain. This
situation highlights the need to implement
preventive measures, such as soil conservation
practices, in order to mitigate risks. Monitoring is
also necessary, aiming to preserve the environment
and the safety of the local community.

Ecological vulnerability assessment
The assessment of ecological vulnerability

to landslides was developed by integrating the
mapping of ecological values with the delay in
ecological regeneration. The spatial distribution of
ecological vulnerability in the study area (Figure 5-
A) shows that 45.55% of the territory has low
vulnerability, 41.96% has moderate vulnerability,
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11.56% shows high levels of vulnerability, and
0.93% has very low/very high vulnerability.

Regions with high ecological vulnerability
to landslides reflect areas where the landscape is
highly fragmented, land use is intensive, ecosystem
stability is threatened, and the ecology is highly
fragile. In regions with low vulnerability, land
development is less intense, human interference is
low, and landscape fragmentation is limited.

Susceptibility mapping

The susceptibility mapping (Figure 5-B)
indicated that 41.49% of the study area is classified
as moderate, 28.29% as high, 17.13% as low,
12.42% as very high, and 0.67% as very low. In
summary, 40.71% of the total area is located in
regions of high and very high susceptibility to
landslides.

Exposed local population
The distribution of the population in the

study area (Figure 5-C) is predominantly
concentrated in the urbanized regions, where
higher levels of ecological vulnerability and risk
are observed. In contrast, along the boundary areas,
the population is more dispersed, reflecting a lower
concentration in terms of both density and
exposure to ecological risks. This spatial
distribution highlights the significant role of
urbanization in  increasing  vulnerability,
particularly in areas with high ecological risk. The
proximity of the urban areas to high-risk zones
further exacerbates the potential for negative
impacts on the population, especially in regions
with limited resilience to ecological disturbances
such as landslides.
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Figure 5. Spatial distribution of ecological vulnerability (a), susceptibility (b), and ecological risk zones.

Ecological risk analysis
Cross-referencing the ecological

vulnerability maps (Figure 5-A) and susceptibility
maps (Figure 5-B) enabled the identification of risk
zones in the study area (Figure 5-C).

When examining the spatial distribution of
ecological risk, it was found that 25.55% of the
territory falls into low risk levels, 23.01% moderate
risk, 20.15% high risk, 15.82% very high risk, and
15.47% very low risk. In other words, 35.87% of
the studied region presents a risk level between
high and very high.

To the northwest, areas of high risk are
notably concentrated, particularly near urbanized
areas, illustrating the combination of high
susceptibility and ecological vulnerability. It was
also observed that high-risk areas, characterized by
both high vulnerability and susceptibility, tend to
be concentrated in mountainous regions. In a
populated area near the highway that crosses the
municipality, considerable risks are present.

In the southeast region, substantially lower
risk levels were identified compared to other
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regions, which are associated with low
vulnerability and susceptibility. Additionally,
some pixels in the risk map indicate circumstances
in which vulnerability is high, while susceptibility
is low. This can be explained by local conditions
that provide resistance or mitigation to landslides,
such as specific geological characteristics, the
presence of resilient infrastructure, or human
interventions that reduce susceptibility. The
complexity of the interactions between risk factors
is evident, highlighting the importance of a more
detailed analysis to understand the specific
dynamics of each region.

Ecological risk analysis provides a
comprehensive view of the distribution of
ecological risks zones, which facilitates future
decisions in risk mitigation projects since more
thorough efforts can be directed to areas of greater
relevance.

Final considerations

The present study assessed the ecological
vulnerability of the municipality of Barra do
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Turvo-SP, Brazil, and applied it in an ecological
risk analysis, as outlined in the initial objectives.

In order to obtain the ecological
vulnerability, ecological values were considered
through indicators that represent biodiversity,
conservation status, and habitat fragmentation,
combined with the delay in ecological
regeneration, which was assessed by indicators
such as slope, level of protection, index rainfall
erosivity, and soil erodibility index.

The results indicated that, in relation to
ecological vulnerability, 45.55% of the studied
region presents low vulnerability, while 41.96% of
the territory is classified as moderate vulnerability.
Additionally, 11.56% of the area is categorized as
high vulnerability, and 0.10% as very high
vulnerability. A small portion of the region, 0.82%,
falls under very low vulnerability. These findings
suggest that a significant portion of the area faces
moderate to low levels of ecological vulnerability,
while smaller areas are more vulnerable.

In the ecological risk analysis, maps of
susceptibility to landslides, ecological
vulnerability, and exposure of the local population
were combined. The methodology applied is
pioneering in the assessment of ecological
vulnerability in an area that has suffered landslides
but had not been the subject of detailed
investigations previously.

The specific combination of open-access
data, Remote Sensing (RS) and Geographic
Information Systems (GIS) techniques allows for a
comprehensive view of the landscape, offering an
adaptable model for other regions. Another notable
characteristic is the use of open-access data,
enabling accessibility and providing transparency
to the process, in addition to reducing operational
costs.

In terms of exposed population, the spatial
distribution highlights that a significant portion of
the population resides in urban areas, which are
often located near zones of high ecological risk.
Moreover, along the highway and in peripheral
regions, a notable number of people are exposed to
elevated risk levels, particularly in areas classified
as high or very high risk

The ecological risk analysis showed that
25.55% of the territory presents low risk, 23.01%
moderate risk, 20.15% high risk, 15.82% very high

risk, and 15.47% very low risk.
Batista, E. F.; Passini, L. B.

So, the study area predominantly presents
low vulnerability, but this does not indicate
immunity to landslides. Instead, it reveals the
effectiveness of the applied method in identifying
areas of reduced risk. It is highlighted that, even in
areas with low vulnerability, ecosystem
conservation is extremely important.

The health of ecosystems is directly related
to ecological risks. Healthy ecosystems have the
ability to mitigate risks, contributing to the
reduction of damage to ecological environments.
Investing in the preservation and sustainable
management of stable ecosystems is often a more
effective and cost-effective strategy for disaster
prevention when compared to traditional civil
engineering approaches. Therefore, preserving the
environment contributes to reducing the risk of
landslides, which highlights the relevance of
targeted approaches to environmental management

Finally, this study reinforces the need to
implement effective conservation measures,
ensuring not only safety but also promoting the
long-term sustainability of ecosystems. The
importance of  further research that
comprehensively addresses aspects of
susceptibility, vulnerability, and exposure is also
highlighted. Such studies not only improve our
understanding of risks but also generate essential
information to support the decisions of public
managers, thus contributing to the development of
more efficient strategies.
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