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Abstract:

Gravitational mass movements are natural destructive processes that can cause enormous losses. New
technologies such as laser scanning and remotely piloted aircrafts (RPA) along with photogrammetry te-
chnique Structure-from-Motion—Multi-View Stereo (SfM-MVS) photogrammetry technique provides an
alternative to conventional mapping methods. A hill with a landslide located in the city of Cunha - SP was
surveyed by terrestrial laser scanner (TLS) and RPA-based SfM-MVS. SfM-MVS point cloud covers a larger
area and point distribution is more homogeneous while TLS points have an uneven distribution. Small
distances between point clouds were predominant in the vicinity of the landslide and greater differences
only occurred on the scene edges. DEMs were generated from both point clouds. The volume of material
displaced from the upper part (scarp) of the landslide was 70.05 m® for the TLS DEM and 77.15 m? for the
SfM-MVS while the volume of material accumulated in the lower part (body) of the landslide was 66.85
m? and 62.68 m’ respectively. Slope and roughness were calculated and showed very similar results for
TLS and SfM-MVS.
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1. Introduction

Hill slopes, mainly unvegetated ones, undergo several erosive processes that can compromise their stability.
The occurrence of gravitational mass movements in these slopes is usually triggered by natural phenomena such
as rains and earthquakes, which when near to highways or inhabited areas can cause enormous economic losses,
environmental harm and life loss (Guerra et al. 2007). Therefore, identification and monitoring of such areas are of
high importance.

Landslide mapping methods have changed little throughout the years, with the combination of aerial
photography and/or multispectral imagery interpretation, and fieldwork verification still being the standard for
the majority of studies (McKean and Roering 2004). A limitation of these ‘traditional methods’ (Metternicht
et al. 2005) is its use in rugged terrain with dense vegetation cover, where the true topography is generally
unrecognizable on aerial photographs and multispectral images (van den Eeckhaut et al. 2007). In recent years,
more precisely the last two decades, new remote sensing techniques were developed providing more accurate
and efficient landslide information.

Both terrestrial (TLS) and airborne (ALS) laser scanning applied to landslides mapping offers many advantages
over traditional methods such as fieldwork, topographic map digitization and aerial photography (Booth et al. 2009;
Burns and Madin 2009; Shan and Toth 2009; Telling et al. 2017; Vosselman and Maas 2010). It allows generation
of high resolution three-dimensional topographic models, being a more accurate method and with little human
interference in data acquisition (Rowlands et al. 2003). Rapid data processing with repeated scans and high precision
highlights morphometric changes in topography which may indicate sliding process, thus facilitating its identification
and monitoring.

The combination of Remotely Piloted Aicrafts (RPAs) and Structure-from-Motion—Multi-view Stereo (SfM-
MVS) photogrammetry is becoming an increasingly effective tool to gather outcrop data, particularly in the small-
to intermediate-scale range and in areas of difficult access (Chesley et al. 2017).Comparisons between state-
of-art lidar data and photogrammetry in landslide studies are recurrent (Carey et al. 2019; Chang et al. 2020;
Hung et al. 2019; Mokhtar et al. 2019; Pellicani et al. 2019; Tsunetaka et al. 2020; Yu et al. 2017). Both TLS and
RPA-based SfM-MVS have been used for landslide monitoring, mapping and 3D surface reconstruction (Burns
et al. 2010; Giordan et al. 2015; Glenn et al. 2006; Godone et al. 2020; Gupta and Shukla 2018; Karantanellis et
al. 2019; Rossi et al. 2018; van den Eeckhaut et al. 2011; Xu et al. 2020; Yeh and Chuang 2020). These methods
show great advantages over conventional, costly and time consuming ones but also have their own cons which
can compromise the entire project.

In this work we compare raw and interpolated point clouds generated by TLS and RPA-based SfM-MVS for
the same landslide and evaluate the accuracy of each method by performing a surface analysis. This work is an
expansion from Garcia et al. (2019) that only compared the point clouds obtained from TLS and SfM-MVS for the
same study area.

1.1. Study area

The surveyed area is located in the City of Cunha (S3o Paulo State, southeastern Brazil), at the roadside of km
40 of the Paulo Virginio Highway (SP-171), and has approximately 15.000 m?* in area (Fig. 1). The landslide is around
14.5 m long and around 10 m wide, totaling an area of 145 m?. The hillslope has a height amplitude of around 50 m,
and is facing S and SW, which makes it more exposed to orographic rainfall from the coast. The area presents sparse
vegetation, mainly constituted by tall grass, and soil is partially exposed.
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3 Guilherme Pereira Bento Garcia et al.

Figure 1: Location map of the Cunha City (upper left) and of the study area . Field view of the landslide (right).
The dashed line represents the survey boundary,the arrow indicates the area affected by the landslide and the red
dots indicates the GCP (Ground Control Points) used for georeferencig. Satellite imagery Digital Globe, powered by

Google. UTM coordinates, zone 23 (South), WGS84.

The study area is within the Serra do Mar mountain range, more precisely in the Atlantic Highlands (Planalto
Atlantico) Province (Almeida 1964; Poncano et al. 1981) which is mainly characterized by a rough terrain with high
elevation and slopes. The elevations are usually higher than 800 m a.s.l. with local amplitudes up to 300 m, and the
slopes are often higher than 20 degrees. These features along with a rainfall pattern higher than 250 mm/month in
the wet season, especially in the summer, make this area very susceptible to mass movements, mainly deep-seated
and shallow landslides (Perrota et al. 2005).

The municipality of Cunha suffered from several occurrences of mass movements during the summer of
2010-2011, mainly shallow landslides similar to the landslide selected in this study, which was triggered during
this period. It was an atypical intense rainfall season that also caused losses in nearby cities within Serra do Mar
(Netto et al. 2011).

The geological setting is comprised basically by precambrian basement rocks, mainly metamorphic rocks such
as migmatites and gneiss that belongs to the Capivari Complex (Perrota et al. 2005), which occurs as narrow and
elongated bands limited by shear zones (Heilbron et al. 2004).
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2. Methods

2.1. Lidar — Terrestrial Laser Scanner

Light Detection and Ranging (lidar) emerge as the main technology and benchmark for landslide studies that
uses High-Resolution Digital Elevation Models (HR-DEM) and can be performed in three ways: terrestrial laser
scanning (TLS), airborne laser scanning (ALS) and satellite-based laser scanning (Jaboyedoff et al. 2012). Some
differences are related to range method, resolution, amount of points gathered and multiple returns (Shan and Toth
2009; Vosselman and Maas 2010).

Terrestrial laser Scanner (TLS) data collection and processing workflows are flexible procedures that are largely
controlled by the information desired from the scene being imaged, the physical characteristics of the scene and
the surrounding environment (Telling et al. 2017). The selection of the equipment, scan positions, scan registration,
georeferencing and point resolution are key elements for the TLS data collection (Shan and Toth 2009; Vosselman
and Maas 2010).

The data collection occur with the scanner normally mounted on a tripod and held fixed for the duration
of measurements for each position. A single lidar scan collects a large amount of 3D data, several million point
measurements, each with x, y and z coordinates and intensity value, which produces a point cloud. To create a point
cloud for the entire scene it is necessary to merge all the point clouds from each scan position.

The TLS field survey was performed on May 06, 2018 from 11 stations allocated around the landslide area
to generate the TLS point cloud, using a FARO Focus® 150 LiDAR equipment. The TLS survey took almost all day
due to weather conditions and difficult access to positioning/levelling the equipment around the landslide. For
georeferencing and point cloud registration, 10 printed targets were evenly distributed around the landslide and
surveyed by irradiation using a total station. Coordinates were collected in field by a Spectra Precision 60 (SP60)
geodetic GNSS. Post-processing in SPoffice software was used to obtain precise coordinates..

2.2. RPA-Based SFM-MVS

SfM-MVS is a workflow employing multiple algorithms developed from 3D computer vision, traditional
photogrammetry and conventional survey techniques (Carrivick et al. 2016).

The typical workflow is composed by several steps, each one with specific processing procedures and
algorithms, from the detection of image features or keypointsin the photographs tothe application of MVS algorithms
and point cloud generation (Carrivick et al. 2016). These are standard procedures for 3D scene reconstruction from
image sets and are adopted for all SfM-MVS approaches.

The image acquisition was made using a DJI Phantom 4 Pro RPA. The onboard digital camera has an 1” CMOS
20MP sensor, with FOV of 84° and 8.8 mm focal distance (24 mm at 35 mm equivalent). The RPA autonomous
mission was programmed with the MapPilot App (Drones Made Easy 2017) which allows the flight height to be
set as a constant value above a reference DEM (SRTM), resulting in more consistent pixel size values across the
imaged area, even in situations of high relief displacement.Two missions were flown on May 06, 2018 to cover the
entire hillside, both at 40 m above the terrain, with lateral and frontal overlap of 80% between photos and camera
positioned at nadir. For georeferencing and point cloud registration, the same targets and coordinates used for the
TLS point cloud were applied. No check points were used in the SfM-MVS process. Each mission lasted around 20
min, the entire RPA survey took about 1 hour.
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In this work, we used Agisoft Photoscan Professional version 1.4.5 (Agisoft 2018) software for the 3D
reconstruction. The SfM-MVS reconstruction process was set to align images with ‘High’ accuracy, camera
optimization with 0.005 m marker accuracy, ‘High’ quality and ‘aggressive’ depth filtering.

The use of the RPA SfM-MVS high resolution data for topographic studies in Brazil is an alternative to expensive
and poorly available lidar data. As the landscapes susceptible to landslides in Brazil are predominantly covered by
vegetation such as grass and bushes, it is worthwhile to evaluate the potential uses of RPA data compared to state-
of-art lidar data in such terrain conditions.

2.3. Geomorphometry

For the morphological analysis, both TLS and SfM-MVS point clouds were used to generate DEMs and terrain
derivatives. The TLS point cloud was filtered to remove above-surface points that do not represent the terrain,
such as tree trunks and termite mounds. The Cloth Simulation Filter (CSF) (Zhang et al. 2016) from CloudCompare
software was used to remove points 50 cm above the surface.

Both point clouds were imported in GRASS GIS (GRASS Development Team 2019; Neteler et al. 2012) with
the r.in.lidar module, which imports lidar data in LAS format and creates a raster based on univariate statistics of the
data. Intermediate rasters were created from the minimum value of LiDAR points within 10 cm cells. These rasters
were then interpolated using bilinear splines (r.resamp.bspline — (Brovelli et al. 2004), to fill any void areas and to
produce DEMs with spatial resolutions of 10 cm, 50 cm, 1 m and 2 m, which were used to evaluate the capacity of
each surface in resolving fine to medium scale landslide features.

The landslide analysis is comprised by a morphometric analysis and an estimation of the volume of displaced
material. Morphometric parameters commonly used in landslide analysis were computed, namely slope and surface
roughness (Glenn et al. 2006; Grohmann et al. 2011; McKean and Roering 2004), and used for comparison of TLS
and SfM-MVS results.

The volume estimation can be performed by subtracting DEMs created before and after the landslide event.
The ‘before’ DEM is usually generated by the interpolation of topographic maps prior the landslide (Du and Teng
2007); however, there are no high-resolution topographic data available for the study area before 2011 to enable
the creation of a DEM representing the terrain before the landslide.

Thus, the surface was manually reconstructed based on a contour map with 50 cm interval derived from the
current 10 cm spatial resolution DEM: the contour lines deformed by the landslide were reconstructed following the
intact contour lines from surrounding areas (Fig. 2). This reconstructed contour map was interpolated with bilinear
splines to generate a new DEM with 50 cm spatial resolution, representing the surface before the landslide. The
manual reconstruction of the surface was performed only for the 10 cm TLS interpolated DEM and the reconstructed
surface DEM was used as the reference data for the volume estimation.
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Figure 2: Reconstruction of topography for volume calculation. A) Contour lines deformed by the slide event; B)
Contour lines reconstruction. Example from the TLS point cloud DEM with 50 cm spatial resolution and contour
lines with 50 cm interval.

Surface roughness measures the variability of the topographic surface at a given scale (e.g., Berti et al. 2013;
Grohmann et al. 2011) and it has been widely used in landslide studies. There are several algorithms to compute
surface roughness with the Terrain Ruggdness Index (TRI) (Riley et al. 1999) and the standard deviation of elevation
(Glenn et al. 2006; McKean and Roering 2004) being the most popular. Grohmann et al. (2011) computed and
compared different surface roughness algorithms in various scales and with different sizes of moving windows; the
standard deviation of slope was the most accurate surface roughness algorithm in detecting fine scale/regional
relief and showed the best performance at a variety of scales.

In this study, surface roughness was calculated as the standard deviation of slope for both TLS and SfM-MVS
DEMs with four different spatial resolutions (10 cm, 50 cm, 1 m and 2 m) with a 3x3 window size. This combination
was meant to determine which scale is more accurate for the landslide analysis.

The generation of DEMs, contour maps and terrain derivatives were all performed using the Free and Open
Source Software QGIS (QGIS Development Team 2019) grass and

3. Results and discussion

3.1. Point cloud comparison

FARO SCENE was used for processing the raw TLS data and create a single point cloud from the individual
scans. All markers were automatically recognized by FARO SCENE. The resulting TLS point cloud has 128,513,743
points (Fig. 3A).

The TLS point cloud, despite having a larger number of points, does not represent the entire area equally. The
point distribution is denser near the scans positions, gradually decreasing with distance. Voids are common, mainly
further from the slide area where less information was captured. Even the landslide area has some occlusions which
would require more scans from different viewpoints to fill them.

The SfM-MVS point cloud (Fig. 3B) was generated with Agisoft Photoscan (Agisoft 2018) using 315 images.
The complete SfM-MVS workflow, using the ‘high quality’ settings of Photoscan, produced a dense cloud with
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93,245,315 points. Only 7 markers were identified in the image set, as the vertical position of some markers —
specially one at a tree trunk that was covered by its crown on the images — makes it difficult to locate them in the
vertical RPA images.

The SfM-MVS point cloud has a more uniform appearance, as points are homogeneously distributed and
there are no significant voids. The slope is entirely comprised within the point cloud and the landslide can be clearly
identified. This point cloud has approximately 35 million points less than the TLS point cloud but covers a larger area.

Figure 3: A) TLS point cloud; B) SfM-MVS point cloud; C) Cloud-to-Cloud distance with 1 m
threshold using the TLS as the reference cloud.

The difference between the two clouds was computed using the “Cloud-to-Cloud distance” tool in
CloudCompare (Fig. 3C). Distances less than 50 cm are predominant in the entire area overlapped by the point
clouds with distances less than 15 cm comprising the landslide area. The TLS did not acquired points far from the
scan positions, concentrating them within the slope, while the RPA captured a wider area and the SfM-MVS method
generated a homogeneous point cloud. Larger distances (>1 m) between the point clouds occur at the borders of
the surveyed area, probably beyond TLS scan range or due the presence of ground obstacles blocking the laser
beam path. However, points within the slope are very similar even though the TLS point cloud being denser than
the SfM-MVS one.

Small differences could be related to georeferencing, since the RPA images do not capture vertical targets
precisely, like the TLS does from a ground position. Fig.4 shows an example of how the RPA imaged a vertical
marker. This marker was placed over a termite mound and was in a near vertical position, hindering the correct
determination of its center Some markers were not visible in the RPA images, affecting the distribution of ground
control information and thus affecting georeferencing.

Absence of vegetation also contributes to this smalls differences. RPA images are in visible spectral range
(RGB) so it has no penetration through leaves. Densely vegetated areas hide markers in the RPA images, which
increases georeferencing errors and point cloud differences.

Both TLS and SfM-MVS point clouds are suitable for 3D surface modelling in this case. Point clouds differences
are minimal in the target area, despite the 35 million points variation between them. Larger differences occur only
outside the study area and have less influence in the final models. Absence of vegetation allows generation of digital
models from both point clouds without significant information loss.

Boletim de Ciéncias Geodésicas, 28(3): e2022016, 2022
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Figure 4: RPA image of a printed target, placed in a near-vertical position over a termite mound.

3.2. Morphological analysis

The landslide was divided in two parts for the volume estimation computation: 1- the upper part (scarp of
the landslide) from where the material was removed and has the soil exposed; and, 2- the lower part (body of the
landslide) where the material accumulated and its covered by grass and some bushes. The volume was estimated
for each part separately and for both TLS and RPA SfM-MVS 10 cm DEMs using the 10 cm TLS DEM with the surface
reconstructed as the reference.

Prior the volume calculation it was expected some differences in the results from the upper and lower part of
the landslide due to erosion process or the swell factor that happened over the years since the landslide occurrence
in 2011 (Dewitte and Demoulin 2005; Pedrazzini et al. 2010; Schulz et al. 2018).

The volume estimation from the TLS DEM with 10 cm resolution showed that 70.05 m® of material was
displaced from the upper part and 66.85 m3 of material accumulated in the lower part. For the SfM-MVS DEM with
10 cm spatial resolution the volume estimation was 77.15 m? of material displaced from the upper part and 62.68
m? of material accumulated in the lower part.

The differences between the TLS and RPA SfM-MVS volumes estimation for the upper (TLS: 70.05 m3; RPA:
77.15m3; A = 7.10 m3) and lower part (TLS: 66.85 m3; RPA: 62.68 m3; A = 4.17 m3) was probably related to points
density, RPA camera position in the image acquisition process and the presence of vegetation.

The main volume differences occur in the upper part (A = 7.10 m?) and must be related to point density or RPA
camera position. Point cloud comparison in section 3.1 showed that even though the TLS point cloud has around 35
millions points more than the SfM-MVS point cloud, the TLS point distribution is denser near the scans positions,
and it presented occlusions in the landslide area, which may affect the interpolation process and contribute to
volume difference in the upper part. However, the nearly vertical position of the landslide scarp makes the RPA
image acquisition process difficult with the camera in the nadir position because it does not have a clear view
of the whole scarp. The interpolation process for the SfM-MVS point cloud probably smooths the surface if the
scarp which creates differences from the TLS DEM. Figure 5 shows three profiles in the upper part of the landslide
comparing TLS and SfM-MVS DEM:s.

The volume difference in the lower part (A = 4.15 m®) is more feasible and is probably related to the presence of
undergrowth or minor errors caused by the georeferencig process discussed in section 3.1. The lower part is covered
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with vegetation, mainly tall grass with dozens of centimeters, that prevented the RPA from obtaining bare earth
points and was filtered in the TLS point cloud but remain intact in the SfM-MVS data. This grass made it impossible to
reconstruct the topography and create a DTM from the RPA SfM-MVS point cloud, a DSM was generated instead which
is not accurate as lidar-derived DTM in vegetated areas (Niethammer et al. 2010; Yu et al. 2017).

Although the comparison between the TLS DTM and the SfM-MVS DSM is not ideal, it allows to evaluate major
differences between them and whether they have any degree of similarities in morphological analysis.

Also it was possible to estimate the weight of the displaced material. The study area is comprised with red-
yellow oxisol which its density vary from 1.0 to 1.4 g/cm3 (Ferreira et al. 2015; Spera et al. 2002; Torres and Saraiva
1999). For the weight calculation an average density of 1.2 g/cm3® was considered. The landslide dimensions were
14.5 m long and 10 m wide with a total area of 145 m?. The volume of material displaced from the upper part was
estimated in 70.05 m® from the TLS data and the scarp has 2 m height. The estimation weight of the displaced
material was about 84 tons.

The study area has great slope variability with the values at the N and W portions usually higher than 35
degrees and the S and E portions up to 20 - 25 degrees. The landslide occurred in the NE portion of the catchment
area which corresponds to the highest slope values, above 45 degrees.

Figure 5: Landslide profiles comparing TLS and SfM-MVS point clouds.
Boletim de Ciéncias Geodésicas, 28(3): e2022016, 2022




Using terrestrial laser scanner and RPA-based-photogrammetry for surface... 10

The slope maps with spatial resolutions of 50 cm are the more accurate in delineating the landslide, both
scarp and body were detected (Figs. 6B,6F). The 10 cm resolution slope maps enhance non-terrain features such
as termite mounds and tree trunks that are common in the study area and the visual interpretation is impaired by
the salt-and-pepper effect (Figs. 6A,6E). The maps with 1 m and 2 m spatial resolution (Figs. 6C,D,G,H) are more
widespread but are also able to correctly detect the landslide, mainly the scarp that is clearly distinguishable from
the surroundings. The non-terrain features are more clearly observed in the SfM-MVS slope maps, probably because
the SfM-MVS point cloud could not be filtered before the DEM generation.

Both TLS and SfM-MVS DEMs showed very similar slope results from all the spatial resolutions used. This high
similarity was expected once both TLS and SfM-MVS point clouds had minimal differences in the landslide area.

The surface roughness maps (Figs. 61-P) were classified in five categories: very low (flat terrain), low, medium,
high and very high (rugged terrain). The roughness categories were defined from the histogram of each spatial
resolution DEM, thus TLS and SfM-MVS DEM with the same spatial resolution had the same classification once the
histograms were very similar with near maximum values. The histogram shows how many standard deviations occur
at each pixel, the higher the standard deviation the rougher is the terrain. The scarp of the landslide is the most
prominent portion detected, the body and toe of the landslide cannot be clearly distinguished due the small size of
the landslide but the area beneath the landslide is much smoother than the adjacent areas.

The highest values of surface roughness occur in the landslide scarp and surrounding areas which indicates
that these areas were already rougher before the landslide. The predominant rugged parts of the hillslope are
probably related to cattle passage, that forms step-like features, which are easily recognized in the fine scale surface
roughness maps, mainly in the 10 cm spatial resolution with 3x3 window (Figs. 61,M). These cattle passage features
enhance landslide susceptibility in the hillslope by preventing vegetation growth and exposing the soil, which
contributes to erosion process (Fiori and Carmignani 2015).

The surface roughness maps derived from TLS and SfM-MVS DEMs showed some similarities to each other
in all combinations of spatial resolution except in the 1 m spatial resolution DEM where there are huge differences
between TLS and SfM-MVS maps (Figs. 6K,0). Overall, TLS roughness maps are more accurate in delineating the
landslide than SfM-MVS results, with cleaner and more homogeneous images.

For the study area, the fine scale maps (10 cm and 50 cm) are very detailed and comprised features such as
termite mounds, which are not part of the terrain and can lead to misinterpretations. The 50 cm spatial resolution
roughness maps from both TLS and SfM-MVS (Figs. 6J,N) are the best in detecting the scarp of the landslide with less
distortion caused by other terrain features, but did not detected the body of the landslide clearly and the SfM-MVS
map had more disturbance from adjacent areas.

Roughness maps with coarser spatial resolutions (1 m and 2 m) are very affected by terrain features other
than the landslide parts and had a more erroneous classification. The landslide area can be detected with these
maps, mainly in the 1 m TLS map, but it is not possible to determine the boundaries of the landslide parts with
certainty which leads to misinterpretation. The 2 m spatial resolution maps presents some pattern of the rougher
parts that are clearly connected to the landslide and may indicate preferred paths of the erosion processes. The
maps with 1 m spatial resolution are very different while TLS map classification is in accordance with the other maps
detecting the rougher parts in a similar way, the SfM-MVS map is highly heterogeneous and chaotic with no patterns
and similarities to others roughness map.

4. Conclusions

A hill slope with a minor landslide (14.5 m long and 10 m wide), mainly covered by grass and with partially

exposed soil was scanned by a TLS and photographed by an RPA, generating two point clouds. Vegetation absence
Boletim de Ciéncias Geodésicas, 28(3): e2022016, 2022
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is critical for comparing both methods since the RPA images cannot register information below the canopy. The final
TLS point cloud contains 128,513,743 points while RPA , generated by SfM-MVS, 93,245,315 points, a difference of
about 35 million points. The two point clouds were very similar in the top and center slope areas but presented large
differences at the borders of the scene.

Figure 6: A-D) TLS slope; E-H) SfM-MVS slope; I-L) TLS surface roughness; M-P) SfM-MVS surface roughness.

Boletim de Ciéncias Geodésicas, 28(3): e2022016, 2022
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TLS technical limitations (such as laser beam path obstruction) can explain the major differences in the
borders of the scene, while georeferencing problems probably causes small differences within the slope. The RPA
images were taken at nadir angle, so ground control points markers in a near-vertical position (such as in tree trunks
or termite mounds) are not precisely identified, and this can lead to these minor errors in the point clouds.

The TLS DEM estimation of material displaced from the upper part was of 70.05 m? and the estimation of
material accumulated in the lower part was 66.85 m?, while the SfM-MVS DEM estimation for material displacement
and accumulation was 77.15 m®and 62.68 m? respectively. The differences in the volume estimation results between
TLS and RPA SfM-MVS DEMs can be addressed to point density, RPA camera position and presence of vegetation,
instead of accuracy of the methods.

Both TLS and SfM-MVS slope maps accurately identified the landslide in all the spatial resolutions and
classified the whole area in a similar way. Some differences occurred in the min-max slope values but this must be
related to georeferencing problems and points acquisition process. The SfIM-MVS point cloud was not filtered like
the TLS point cloud, so points off the terrain such as tree trunks and termite mounds must be present in the DEM
and influenced the slope calculation.

TLS and SfM-MVS roughness maps had similarities but presented important differences. In both cases 50
cm spatial resolution maps were the more accurate correctly delineating the landslide area from surroundings.
Fine scale maps (10 cm and 50 cm) enhances features not related to the terrain and enables visualization of
cattle passage features that contributes to the increase of surface erosion processes which leads to greater
landslide susceptibility.

For this specific terrain conditions, with no vegetation cover and few view obstacles, both point clouds are
suitable for DEM generation and other surface modelling to identify landslides. The concentration of TLS points in
the landslide area should provide more detailed DEMs than SfM-MVS, but for local and intermediate scales both
methods can be applied with minimal information loss.

The choice of which method is a better fit a project will be determined by budget, mapping scale and
characteristics of the study area. Other studies comparing TLS, ALS and SfM-MVS in different environments should
provide distinct results. Potential advantages of RPA-based SfM-MVS include smaller cost both in terms of equipment
and processing time, although its efficacy is limited by the presence of vegetation.
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