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Abstract:

Technological accidents can be vast in scope and require a rapid response to evacuate the affected
region. Access routes to nuclear power stations are essential for the preparation of emergency
plans in the event of technological disasters. The Admiral Alvaro Alberto Nuclear Power Plant
(Central Nuclear Almirante Alvaro Alberto - CNAAA) in Angra dos Reis, Brazil, is located in a region
with high rainfall and rugged terrain. This article presents digital image processing and
geoprocessing procedures for mapping landslide-susceptible areas and landslide scars associated
with the CNAAA access routes. Digital Elevation Models and their derivations were used to identify
landslide-susceptible areas, and LANDSAT images were used to map the land cover. The
information was superimposed, and the hazard areas and potential landslide scars were mapped.
Most of the study area is medium or high risk for landslide events. Landslides scars mapping
achieved over 50% of accuracy representing a potential methodology for the risk assessment and
landslides monitoring in the study area. The results demonstrate that further and detailed studies
must be performed in the areas in order to maintain the access roads available for eventual
evacuations in a technological disaster event.

Keywords: Hazard; Landslides; Technological Accidents; Object Based Image Analysis.

Resumo:

Acidentes tecnolégicos podem ter vasta abrangéncia e necessitam rapida resposta para evacuacao
da regido afetada. As vias de acesso para centrais nucleares sdo fundamentais para elaboracdo de
planos emergenciais em caso de desastres tecnoldgicos. Na Central Nuclear Almirante Alvaro
Alberto (CNAAA) em Angra dos Reis (RJ), as vias de acesso e sua propria estrutura localizam-se em
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regido com altos indices de precipitacdo e relevo bastante acidentado. Este artigo visa apresentar
procedimentos de processamento digital de imagens e geoprocessamento para o mapeamento
de areas de risco e de cicatrizes de deslizamento associadas as vias de acesso do CNAAA. Modelos
Digitais de Elevacdo e suas derivacdes foram utilizados para a identificacdo de areas de risco, por
meio de classificacdo baseada em objeto. Imagens LANDSAT foram utilizadas para o mapeamento
da cobertura do solo. As informagdes foram sobrepostas e as areas de risco e as potenciais
cicatrizes de deslizamento foram mapeadas. Os resultados apresentam um diagndstico sobre a
susceptibilidade a escorregamentos na area de estudo e das potenciais dreas de risco. As
informacdes apresentadas sobre as dreas associadas as principais vias de acesso evidenciam o
risco de ocorréncia de escorregamentos que pode afetar a evacuagdo da regido em caso de
acidente tecnoldgico.

Palavras-chave: Risco; Deslizamento; Acidentes Tecnoldgicos; Classificagdo baseada em objeto.

1. Introduction

Severe land movements are common in regions with high rainfall and rugged terrain. The
construction of highways in these regions can increase the possibility of landslide occurrence
(LARSEN & PARKS, 1997; DAI & LEE, 2001; JAISWAL, VAN WESTEN & JETTEN, 2011; PENNA et al,,
2013; DIMARTINO et al., 2014). The mapping and identification of hazard areas and landslide scars
in regions with highways is important for the prevention and mitigation of severe events
(MANCONI et al., 2014). However, mapping and monitoring these events is difficult because
highways cross extensive areas, and large quantities of data are required to identify the
characteristics and past events (GUZZETTI et al., 2012). The geomorphological characteristics of
these regions also make access for in situ assessments difficult.

Remote sensing techniques can be used as a viable alternative methodology to detect, monitor
and classify landslides (AKSOY & ERCANOGLU, 2012). Several studies have used the diverse data
and capabilities of the available satellites and advances in digital image processing technologies to
assist in the mapping and prevention of landslides (HSIEH et al., 2014, DONG et al., 2014,
ROESSNER et al., 2014).

Several approaches and procedures have been used to predict areas susceptible to landslides;
however, this type of forecast is difficult to perform because of the variety and complexity of
factors that are related to landslide events, including the lithology, slope form and orientation,
slope, drainage network, precipitation, vegetation cover, and anthropic factors, such as the road
network, buildings, and deforestation (VIEIRA, 2007).

Many authors have cited the relationships between the slope form, slope, and other
geomorphological characteristics with the occurrence of landslides (TAROLLI, SOFIA & FONTANA,
2013; DE VITA et al., 2013; PAULIN et al., 2014). The slope form plays an important role in the
distribution of the water content in watersheds, which in turn influences the erosion process and
the occurrence of landslides (CHRISTOFOLETTI, 1980). Convex slopes are associated with water
dispersion, whereas concave slopes are associated with water accumulation and convergence
(SESTINI, 1999) and are therefore the most susceptible to land movements since they are zones
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of water flow convergence and contain material that is available for movement (greater quantities
of deposited material) (MCKEAN, BUECHE &, GAYDOS, 1991, FERNANDES & AMARAL, 1996). The
slope is the inclination of the terrain with respect to horizontal, and the mass transport velocity
(solid or liquid) is directly related to it (SESTINI, 1999). Thus, the slope and slope form are
important data for studies of landslide susceptibility.

Numerous studies have used Digital Elevation Models (DEMs) from remote sensing data to define
relief features. Camargo et al. (2012) classified relief forms based on different geomorphometric
and textural attributes from ASTER/Terra DEM data and obtained a strong correlation between
the classification and the reference map. Dragut and Eisank (2012) used Shuttle Radar Topography
Mission (SRTM) data and object-based image analysis (OBIA) to classify the topography over the
entire Earth’s land surface. The authors decomposed the terrestrial surface into homogeneous
objects based on elevation data, and the classification criteria were based on the mean elevation
values and their respective standard deviations. Their results showed regional scale discontinuity
limits. The application of OBIA to a DEM and its derivations allows the segmentation and analysis
of several variables in regions of homogeneous relief (EISANK, DRAGUT, BLASCHKE, 2011;
DOLEIRE-OLTMANNS et al., 2013), which enables the construction of an automated relief
classification model based on pre-defined parameters for the area being evaluated (CAMARGO et
al., 2012; DRAGUT & EISANK, 2012).

Remote sensing data have also been widely used to assess landslide susceptibility by developing
landslide inventory maps (ALEXAKIS et al.,, 2014). The identification of landslide scars is
fundamental to the hazard inventory for understanding the processes that trigger landslides and
for interventions in the affected areas (PRADHAN & LEE, 2010).

Several methodologies have been used to identify landslide scars through remote sensing;
however, a major problem with this type of mapping in mountainous regions is the acquisition of
high-quality data that allow the processing and identification of scars (BARLOW, MARTIN &
FRANKLIN, 2003). Aerial photographs, which are commonly used for this type of evaluation
(MCKEAN, BUECHEL & GAYDOS, 1991), can accurately identify landslides but have high financial
and processing costs and are often unavailable for the most landslide-susceptible areas. Thus,
satellite images have emerged as an alternative data source since they can provide a more
economical evaluation of large landslide-affected areas and allow the analysis of the region
surrounding such landslides, especially in terms of the land cover dynamics (AKSOY & ERCANOGLU,
2012).

Thus, the definition of procedures for mapping hazard areas on a regional scale (1:50,000) using
free data and automated procedures that can be incorporated and used by public agencies
responsible for monitoring hazard areas is extremely important for natural disaster management
associated with important access routes.

The objective of this article is to propose a strategy for mapping hazard areas and identifying
landslide scars on a regional scale based on free satellite remote sensing data. The study area is
the hydrographic basin in which the Admiral Alvaro Alberto Nuclear Power Plant is located in Angra
dos Reis, Rio de Janeiro state (RJ). The study area contains important regional access routes for
the power plant, which has the potential for technological accidents.
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2. Methodology
2.1 Study area

The study area is the region surrounding the Admiral Alvaro Alberto Nuclear Power Plant (Central
Nuclear Almirante Alvaro Alberto - CNAAA) in Angra dos Reis, RJ, southeastern Brazil (Figure 1).
The nuclear power plant has two units in operation: Angra 1, which has operated since 1985, and
Angra 2, which has operated since 2001 (LOUSADA & FARIAS, 2015). The addition of a third unit,
Angra 3, is planned for the future.

The CNAAA is located near Highway BR-101 (a segment of the Rio-Santos Highway), which is the
main access route for the area. One of the major risk factors related to the CNAAA and its access
routes are natural disasters such as landslides because of the geomorphological, presented in
figure 2, and precipitation characteristics (average annual rainfall rate vary from 1,515 mm to
2,200 mm) of the region (ARAUJO & OLIVEIRA, 1988). The municipality of Angra dos Reis has a
history of landslides (PINHEIRO & AGUIAR, 2015), such as the disasters that occurred in December
2002 and January 2010, which were both associated with intense rainfall events that are typical
of the tropical rainy season between the months of November and April.

The region is located in the geomorphological domain of the Serra do Mar escarpments, which
includes mountainous and rugged terrain. Because the region is covered by unconsolidated
material, including talus deposits in the foothills (CPRM, 2007), road cuts make the bases of these
escarpments highly unstable and susceptible to landslides.
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Figure 1: Location of the study area.
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Figure 2: Digital Elevation Model of the study area.
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2.2 Digital Image Processing

Freely available TOPODATA and LANDSAT data were used, and digital image processing and
geoprocessing techniques were applied to map the landslide-susceptible areas and identify
landslide scars associated with the main access roads of the CNAAA. Based on the TOPODATA data,
the land relief was classified into three classes of landslide susceptibility: low, medium, and high.
The LANDSAT imaging was used to classify the land cover to identify possible landslide scars. The
results of the land relief and land cover classifications were analyzed together to provide a
preliminary regional assessment and identify areas for additional analysis with more detailed
methods.

The landslide-susceptible areas were mapped using the relief classification obtained from the
TOPODATA slope and vertical and horizontal slope curvature data. Landslide hazard levels were
obtained by applying OBIA to the TOPODATA DEMs with a 30-meter interpolation of the SRTM
data of the Brazilian territory (VALERIANO & ROSSETTI, 2012). According to Sestini (1999), this
type of information provides the fundamental characteristics for the hazard analysis of a region.
The following relief variables were used for the classification process: elevation, slope, drainage
density, and horizontal and vertical curvatures.

The Figure 3 flowchart summarizes the relief classification using OBIA. Elevation and Slope data
were used for the segmentation step. In this process the objects are defined by areas that presents
similar attributes (elevation and slope) in the pixel neighborhood, establishing homogeneous relief
areas. The scale and shape parameters of the segmentation process were defined according to
the method of Dragut and Eisank (2012), wherein the shape and compactness factors were set to
zero, and the scale parameter was defined according to the difference between the local variances
of the objects. Thus, a scale parameter of 50 was used, which is similar to the value used in Manfré
et al. (2014).

The relief classes were defined based on the slope and the vertical and horizontal curvatures.
Based on Silva Junior, Silva and Pereira (2016), and IPT (2002), six slope intervals, two classes of
vertical curvature, and two classes of horizontal curvature were defined.

| Slope I | Elevation |

y <

Segmentation
Scale parameter =50
shape/ compactness =0

| Objects I

.

Classification

Slope
Horizontal Curvature

Vertical Curvature

[ Low Susceptibility | | Medium Susceptibility | | High Susceptibility |

Figure 3. Flowchart of the relief classification process using OBIA.
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Table 1 shows the susceptibility classes from the classification described above, which include low,
medium, and high. The levels were defined based on theoretical studies (AZEVEDO, 2016;
FLORENZANO, 2016; SILVA JUNIOR, SILVA & PEREIRA, 2016; LANGE FILHO, 2016; IPT, 2002 and
1991) that describe the contributions of the slope and the vertical and horizontal curvatures.

Table 1. Landslide susceptibility levels defined based on the combination of classes of slope and
of the vertical and horizontal curvatures.

Slope Vertical |Vertical
(degrees) concavity |convexity

0 to 06 Medium [Low

06 to 12 Medium [Low

Concave  [17 t0 20 Medium [Medium
Horizontal
Curvature [20to30 High Medium
30 to 45 High Medium
>45 High High
0 to 06 Low Low
06 to 12 Low Low
Convex 12 to 20 Medium |Low
Horizontal
Curvature [20to30 Medium [Low

30 to 45 Medium [Medium

>45 High High

The landslide scars were identified by means of a supervised classification of the land cover in the
area of the watershed in question. The land cover classification used two images from the
LANDSAT 8 satellite (orbit points 217-076 and 218-076 from August and September 2015,
respectively) to cover the entire study area. In order to minimize topographic and radiometric
influences on the classification process, the Level-1 Precision and Terrain Corrected Product (L1TP)
was used. This product provides radiometric and geodetic accuracy by incorporating ground
control points and employs Digital Elevation Models (DEM) for topographic displacement.

The classification process was performed using the following bands: Blue, Green, Red, NIR, SWIR
1 and SWIR 2. Normalized indexes, such as NDVI (Normalized Difference Vegetation Index), NDWI
(Normalized Difference Water Index) and NDBI (Normalized Difference Built-up Index) were also
used in order to minimize the effects of topographic shading (SABOL JR. et al. 2002). Besides, those
help to enhance the classification accuracy, by providing extra dimensions of separability.

Training areas for the defined land cover classes were selected in each image to identify bare soil
areas, which were most representative of recent scars. The following land cover classes were
defined: urban areas, bare soil, low vegetation (pasture and grasses), high vegetation (bushes and
forests), and water.

According to Mather (2003), the minimum number of training areas per class for the specifications
of this study (8 discriminant bands and 5 classes) must at least 48. In this sense, one hundred
training areas were collected for each class. The Support Vector Machine (SVM) classifier was used
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with the radial basis function kernel (SHAFRI & RAMLE, 2009) and a gamma value of 0.5. The
penalty parameter was 500, and the classification probability threshold was O.

To evaluate the accuracy of the resulting classification, validation samples, of 600 pixels for each
class were collected adopting the stratified random sampling strategy (SMITS, DELLEPIANE &
SCHOWENGERDT, 2010).

The results of the relief and land cover classification were analyzed together by the spatial
intersection of the two datasets. Thus, bare soil areas located in regions of medium or high
landslide susceptibility were considered potential landslide scars.

To evaluate the association of landslide scars and hazard areas with CNAAA access routes, a 500-
meter analysis zone was defined around the access routes (GROWLEY, 2008). Each of the potential
landslide areas was evaluated individually by means of visual interpretation, assessing the spectral
behavior, shape and topography, according to Jaboyedoff et al. (2009), which identified the areas
that corresponded to landslide scars and were identifiable on the LANDSAT 8 images.

3. Results

The results of the supervised land cover classification are presented in Figure 4. The classification
result accuracy evaluation had a kappa index of 0.79 and 86.86% of overall accuracy. The
confusion matrix and the commission and omission errors, presented in Table 2, show the detailed
accuracy assessment, and it is possible to notice that main misclassification were among the Bare
Soil and Urban Areas classes.

Table 2. Confusion Matrix and Commission and Omission Errors for the land cover classes.

Urban High Water Bare Low Total Commission | Omission
Areas | Vegetation Soil Vegetation Error Error
Urban 74.82 0 2.55 19.92 0.75 111 17.86 25.18
High
. 3.49 95.41 6.57 | 10.83 5.6 53.88 5.37 4.59
Vegetation
Water 0 4.15 75.2 0.19 0.12 13.51 16.63 24.8
Bare Soil 0.12 0 0.39 | 59.38 0.37 0.85 13.79 40.62
Low
. 21.57 0.44 15.29 | 9.67 93.15 20.65 46.8 6.85
vegetation
Total 100 100 100 100 100 100 - -

The high vegetation class is predominant in the study area. Bare soil occurs sparsely throughout
the basin and in isolated areas. However, bare soil patches are also located in urban areas,
especially in the northeast region of the basin. Small urban clusters and small patches of low
vegetation are distributed along the coastline.

Figure 5 shows the landslide susceptibility map of the study area. Areas of high landslide
susceptibility are distributed throughout the study area. In addition, the eastern portion of the
study area contains a greater concentration of areas classified with low and medium
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susceptibilities. A comparative analysis of the two maps shows that this region has the largest
amount of human development the study area, which is likely because of the favorable terrain.

Table 3 shows the area (in hectares) and percentage of each land cover class and the landslide
susceptibility level for the watershed and for the CNAAA access route zone.

In the watershed, most bare soil and urban areas (57% and 62.50%, respectively) are located in
regions with average landslide susceptibility.

Table 3. Areas and percentages of land cover classes for the study watershed and for the access
route zone by landslide susceptibility level.

Class Water LOW. Bare soil | Urban Areas |High vegetation
Vegetation
Area | Area |, Area | Area | A
Susceptibility (ha) % (ha) % (ha) % (ha) % Area (ha)[%
3 Low 1,350 [18% |11,172[22% 660 |37% (2,950 127% | 50,915 |18%
-y
5 Medium 4,310 |56% |32,063|62% |1,106|62% |7,680 |[70% |135,314 (46%
(L
E High 1,991 [26% [8,584 [17% [22 [1% [301 [3% [105,366|36%
e
g Total 7,649 |100% [51,819|100% (1,787 [100% | 10,930{100% | 291,594 [100%
o @ Low 309 24% 2,745 |19% [207 |35% [1,272 |25% | 3,656 |17%
I c
éﬁ Medium 936 71% [10,544|72% (385 |64% |3,716 |73% | 12,481 |56%
(S
ﬁ < High 65 5% 11,370 9% |6 1% |128 3% 5,954 27%
O 3
O =
< c Total 1,309 [100% |14,659]100% [598 [100% |5,116 [100% | 22,089 |100%

The areas with high landslide susceptibility are mainly associated with the Serra do Mar
escarpments because they have the most steeply sloping terrain. The predominant land cover
class in these areas is high vegetation (36%), which corresponds to the Atlantic Forest. The class
with the second highest percentage of high susceptibility area is water (26%), which is likely due
to the confusion of the classifier because of shadows in areas of high vegetation. The class with
the third highest percentage of high susceptibility area is low vegetation (17%), which is because
it is more vulnerable to rainfall erosion and because it has less stable roots than the forest
vegetation. These factors increase the instability of the slope and favor the occurrence of
landslides (BIERMAN & MONTGOMERY, 2014).

The CNAAA access route zone has a similar pattern to that of the basin study area; 63.8% of the
urban areas and 57% of the bare soils are located in areas of medium susceptibility. The same land
cover pattern is observed at the highest susceptibility level.

The evaluation of bare soil areas in areas of medium or high landslide susceptibility identified
217.05 hectares of landslide scars, which corresponds to 53.77% of these susceptibility zones.
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Figure 4. Map of the land cover in the study area based on LANDSAT 8 images from August and
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Figure 5. Map of landslides susceptibility of the study area based on TOPODATA data.
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4, Discussion

The landslide susceptibility classification showed that the study area has high susceptibility along
the whole watershed, exposing a critical situation for the landslide events occurrence. This
characterization indicates that a detailed topographic inventory in a larger scale, around CNAAA,
is paramount to define a preventive plan for the risk areas.

The land cover classification showed a kappa index of 0.79, which is a very good classification
according to Landis and Koch (1977). However, several classification errors occurred, especially
between the water classes and high vegetation. The classification errors are due to the existence
of shadows in sloping areas, which alter the spectral responses of the targets. This factor results
in changes in the statistics of the land cover classes by level of landslide susceptibility.

Confusion also occurred between the classifications of bare soil and urban area. According to
Whitford, Ennos, and Handley (2001), classification errors between these two classes mainly occur
due to roof tile materials, which produce a similar spectral behavior in urban areas and some types
of bare soil.

When analyzing the map shown in Figure 5, it is important to highlight that the CNAAA is located
in a region with many areas classified as high landslide susceptibility. The watershed generally
contains only small regions of low landslide susceptibility. This information is demonstrated by the
results shown in Table 3. In general, the results provide an important preliminary characterization
of the landslide susceptibility and hazards in the watershed in which Brazil’s only nuclear power
plant is located.

According to Dias & Herrmann (2006) and Piedade et al. (2011), landslide susceptibility and hazard
mapping requires detailed information about the soils, lithology and climate of the studied region.
However, these data are often not available at a scale suitable for regional studies. Therefore, the
presented methodology allows the preliminary regional evaluation to identify areas that should
be analyzed in more detail.

The integrated assessment of the land cover map and the landslide susceptibility map provided
important information about the pattern of occupancy and presence of hazard areas in the
watershed since it is possible to identify urban areas in regions that are naturally susceptible to
landslides. In addition, it revealed areas with the characteristics of scars from recent landslides
(bare soil in areas with medium or high landslide susceptibility). This analysis provides an
important characterization of the watershed and important indicators for preventive and
mitigation actions in areas near the highways, especially considering the presence of a nuclear
power plant in the region.

According to Smith (2013), hazard management for natural disasters and technological disasters
must be integrated since technological disasters may be related to and triggered by natural
disasters. Kobiyama et al. (2006) notes that preliminary mapping of landslide hazard areas and
areas that are naturally susceptible to landslides facilitates hazard management and is key to
preventing extreme events.

Considering the context of the CNAAA and the presence of few access and evacuation routes in
the region, it is important that all hazard areas associated with highways be evaluated. Mitigation
measures should be taken to maintain the integrity of roads that are essential for effective
evacuation in the event of a technological disaster (RODRIGUES, 2014). In this way, both hazard
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areas and the scars of landslides that have already occurred must be evaluated to guarantee road
and traffic safety (GERMAN, ANDREY & KSENIA, 2015).

The potential landslide scars in the area surrounding the main access roads were evaluated
individually through visual interpretation of satellite images, and 53.77% of the area was evaluated
as landslide scars. This percentage demonstrates the great potential of the procedures for
identifying scars over large areas using satellite images since they reduce the area to be
interpreted visually by the analyst and indicate candidate areas with greater potential of landslide
occurrence. The features identified as “non-scars” are mainly due to errors in land cover
classification (confusion between bare soil and urban areas).

However, it is important to highlight that the exclusive use of the bare soil cover class restricts the
landslide scars to those that occurred recently and excludes older scars that have already been
covered by low vegetation. This evolution in land cover was noted by Walker Shields (2013),
Walker and Del Moral (2003), and Joshi (1990) and complicates the process of identifying scars by
remote sensing.

It is important to emphasize that the procedures and results presented in this study do not
eliminate the need for fieldwork for an effective evaluation. However, the results highlight the
main areas that require more detailed surveys based on variables such as the soil type and geology
(ANDRETTA et al., 2013).

Traffic in the study area can also be interrupted by road safety issues, such as bad signaling, lack
of road maintenance, and possible road drainage problems (MAZZETTO, 2015). Road safety
assessments and simulations are important for managing the risk of technological disasters and
ensuring the effectiveness of evacuation plans (LUCAS et al., 2013).

In addition, it is important to carry out simulations of interruptions of access roads in the regions
at greatest risk of landslides that would affect the roads to establish alternative evacuation plans
for the CNAAA. However, to simulate the interruption of the road flow and design alternative
routes, it is necessary to complement the road network by digitizing small roads that are not on
the official maps, which would increase the value of the analysis and ensure the development of
more efficient evacuation plans for the CNAAA.

5. Conclusion

This study provided a primary synthesis of the landslides risk on CNAAA watershed and on buffer
of the access roads. The majority of the study area is medium or high risk for landslide events,
representing a risk to execute the evacuation of the affected area in a technological disaster event.
Besides, the potential of landslides scars mapping was assessed, achieving over 50% of accuracy.
This is presented as a potential methodology for the risk assessment and landslides monitoring in
the study area, in order to maintain the access roads available for eventual evacuations.

The Admiral Alvaro Alberto Nuclear Power Plant in the city of Angra dos Reis, RJ, is an area of focus
due to the potential for technological accidents, and it is located in a region with many historic
landslides, which were generally associated with high intensity rainfall events. The presence of
highways in these regions, which are naturally susceptible to landslides, may increase the
likelihood of landslides. Therefore, mapping and identifying hazard areas and landslide scars have
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become important for the prevention and mitigation of extreme events, maintaining the integrity
of the access routes and designing emergency evacuation strategies.

However, mapping and monitoring these areas are not trivial tasks because highways cross large
areas, and the limited accessibility of the region make in situ assessments difficult. Therefore,
remote sensing and geoprocessing techniques can be used as mapping tools.

This study mapped areas susceptible to the occurrence of landslides by classifying relief features
based on TOPODATA slope and vertical and horizontal curvature data. It used an object-based
approach that yielded classes of low, medium, and high landslide susceptibility. In addition, this
study identified landslide scars through land cover classification from LANDSAT images and the
SVM supervised classification algorithm. Bare soil areas were considered most representative of
recent scars. The results of this mapping procedure were evaluated through the kappa index and
the confusion matrix.

The integrated assessment of the land cover map and the landslide susceptibility map provided
important information about the pattern of occupancy and the presence of hazard areas in the
watershed, which allowed the identification of urban areas in landslide-susceptible areas. Despite
being performed on a regional scale, the procedure allowed the identification of areas of the
highest landslide susceptibility, which helped to select areas that require more detailed analyses.

The procedures can easily be replicated by public agencies responsible for monitoring hazard areas
because free data were used, and the results provided satisfactory identification of the areas most
susceptible to landslides. Although, the results should be considered tentative at this stage, and
further research is required to verify these preliminary findings and replicate them to a broader
area.
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