
Abstract
The presence of roads is closely linked with the activation of

land degradative phenomena such as landslides. Factors such as inef-
fective road management and design, local rainfall regimes, and spe-
cific geomorphological elements actively influence landslide occur-
rence. In this context, recent developments in digital photogramme-
try (e.g., Structure from Motion; SfM) paired with Uncrewed Aerial
Vehicles (UAV) systems increase our possibilities to realize low-cost
and recurrent topographic surveys. This can lead to the development
of multi-temporal (hereafter: 4D) and high-resolution Digital
Elevation Models (DEMs), which are fundamental to analyse geo-
morphological features and quantify processes at the fine spatial and
temporal resolutions at which they occur. This research proposes a
multi-temporal comparison of the main geomorphometric indicators
describing a landslide-prone terraced vineyard to assess the observed
high-steep slope failures. The possibility to investigate the evolution
of landslide geomorphic features in steep agricultural systems
through a high-resolution and 4D comparison of such indicators is
still a challenge to be explored. In this article, we considered a case
study located in the central Italian Alps, where two landslides were
activated below a rural road within a terraced agricultural system.
The dynamics of the landslides were monitored by comparing
repeated DEMs (DEM of difference), which reported erosion values
of above 20 m3 and 10 m3 for the two landslide zones and deposition
values of more than 15 m3 and 9 m3, respectively. The road net-

work’s role in the alteration of superficial water flows was proved by
the elaboration of the relative path impact index. Altered water flows
were expressed by values between 2σ and 4σ close to the collapsed
surfaces. The increase in profile curvature and roughness index
described the landslides evolution over time. Finally, the multi-tem-
poral comparison of feature extraction underlined the geomorpho-
logical changes affecting the study area. The accuracy of features
extraction was analysed through the quality index computation,
expressed in a range between 0 (low accuracy) and 1 (high accura-
cy), and proved to be equal to 0.22 m (L1-pre), 0.63 m (L1-post), and
0.69 m (L2). Results confirmed the usefulness of high-resolution and
4D UAV-based SfM surveys to investigate landslides triggering due
to the presence of roads at hillslope scale in agricultural systems.
This work could be a useful starting point for further studies of land-
slide-susceptible zones on a wider scale to preserve the quality and
the productivity of affected agricultural areas.

Introduction
Several factors cause land degradation in agriculture, e.g., i)

human pressure (Salvati et al., 2015); ii) land use and land cover
changes (Bajocco et al., 2012); and iii) climate changes (Webb et
al., 2017). In particular, hydro-erosive dynamics and their evolu-
tion into more complex phenomena, such as landslides, are typical
land degradation processes and landform-shaping phenomena
affecting cultivated lands with severe economic and environmen-
tal costs. Among the anthropogenic factors that significantly
impact surface erosion and landslides, road construction plays an
important role. Indeed, landslide activation and the presence of
roads are strongly connected (Sidle and Ziegler, 2012). Road con-
struction has a primary influence on landslide activation, especial-
ly in steep zones, for example, through the reduction of the slope
terrain stability, the increase of slope on fill and cut surfaces, and
the alteration of hydrological processes (Eker and Aydin, 2014).
Moreover, the increase of road networks leads to significant
changes in drainage system networks and sediment dynamics
(Persichillo et al., 2018), representing a predisposing factor for
greater susceptibility to landslide activation. 

Despite their usefulness, the negative impacts of roads on
agriculture are well documented, especially in terms of environ-
mental and geomorphological issues (Sidle and Ziegler, 2012).
Human interventions through farming practices (Bordoni et al.,
2019), specific environmental conditions, and land abandonment
processes could affect the conservation of terraced cultivated
zones, activating landslide phenomena. 

In detail, factors like surface topography, land cover and man-
agement, soil erodibility and geological characteristics, as well as
rain intensity and the concentration of surface water flows along a
preferential path (Lanni et al., 2012) are the factors that play a pri-
mary role in landslide activation. Meanwhile, sediments discharged
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from roads during rainfall events can seriously increase channel ero-
sion and landslide occurrence (Sidle et al., 2006). Indeed, the pres-
ence of roads in agriculture alters the water flow directions through:
i) the interception of superficial and sub-surface water flows; ii) the
concentration of flows on the road itself; and iii) the modification of
already present flow directions (Borga et al., 2004). Therefore, since
topography plays a direct role in landslide activation, especially in
steep slopes, continuous monitoring of the landscape evolution
through geomorphological indicators could provide important infor-
mation on the road-landslide dynamics. In this context, recent devel-
opments in digital photogrammetry (e.g., Structure from Motion;
SfM) together with Uncrewed Aerial Vehicles (UAVs) have increased
our possibilities to conduct low-cost and recurrent topographic sur-
veys of the Earth surface. Compared to other techniques, such as
Light Detection And Ranging (LiDAR), the SfM technique com-
bined with multi-view stereo (MVS) algorithms (hereafter together
referred to as SfM) allow us to obtain a high-quality and cost-effec-
tive 3D reconstruction of an object starting from a series of two-
dimensional images, taken from different points of view (Westoby et
al., 2012). Furthermore, it is interesting to evaluate the use of these
technologies in the continuous monitoring of landslides in agricultur-
al contexts and investigate the interaction between the presence of
infrastructures such as roads and the activation of instability phenom-
ena. High-resolution terrain reconstruction at a detailed scale can be
performed through SfM application to carry out an accurate analysis
of geomorphological processes involving landslide-prone areas over
time. Starting from UAV-SfM data, the multi-temporal comparison of
geomorphometric indicators, such as roughness, landform curvature,
and feature extraction in landslide-prone zones, can be performed. 

The continuous development that characterizes these technolo-
gies offers countless opportunities for future applications, launching
new challenges in different fields. In light of the above, this research
proposes a detailed integrated multi-temporal analysis of geomorpho-
logical changes involving a terraced vineyard affected by landslides
activated near a road network. Multi-temporal (hereafter: 4D) and
high-resolution digital elevation models (DEMs) were used to assess
the dynamic of landslide geomorphic features after two subsequent
failure events. While the multitemporal survey has already been car-
ried out for deep-seated landslides monitoring, large-scale subsidence
or mining activities, its application in high-steep agricultural context
to detect the changes of shallow landslide features, activated even by
roads, is absolutely novel. More in detail, the geomorphic feature
extraction, based on detection of thresholds derived by statistical
analysis of landform curvature variability, has been proposed consid-
ering a single survey, therefore without addressing multitemporal
extraction (Tarolli et al., 2012). Thus, the UAV-based multi-temporal
monitoring of shallow landslide features (e.g., crowns) dynamics
over time represents a further novel aspect of our work. Finally, the
proposed research fills the gap in scientific knowledge regarding the
possibility of efficiently analysing landslide evolution in agricultural
systems by comparing these geomorphometric indexes at hillslope
scale, adopting a flexible, low-cost, yet accurate approach. 

Study area
The study area is located in the Trento province, in the south-

ern part of the Trentino Alto Adige region, in northern Italy (Figure
1A). It has an extension of 2.2 ha, with a southwest aspect, an aver-
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Figure 1. Overview of the entire study area (A) and focus on landslides detected during Uncrewed Aerial Vehicles-Structure from Motion
surveys. In particular, this figure shows the paved road surface (B), the first observed landslide (L1, C), the second landslide (L2, D),
and the third observed collapsed surface (L3, E).
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age slope of 27.6°, and an average elevation of 287 m a.s.l. (eleva-
tion range between a minimum of 266 m a.s.l. downstream and a
maximum of 320 m a.s.l. on the top). The annual average rainfall
based on 20-year average values from 10 local stations close to the
study area is equal to 1088 mm, with a standard deviation of 222
mm that identifies notable inter-annual rainfall variations. The
study area is characterized by terraces constructed on steep slopes
(average slope equal to 27.49 degrees) using earth banks, with an
inter-row grass cover on the entire cultivated surface. In the study
area, three shallow landslides were detected during the two field
surveys. The first (18 October 2019) identified a first landslide
(L1) below a specific section of the road located in the vineyard
(Figure 1C) and another zone involved in older terrain failures (L3,
Figure 1E). During the second survey (17 December 2019), an
evolution of the L1 zone was observed, with significant involve-
ment of the L1 area. Finally, a further landslide (L2, Figure 1D),
about 20 m away from the first, was detected. Factors like steep
slopes and high rainfall rates potentially triggered such terrain fail-
ures. In this regard, a local weather station recorded an intensity
peak equal to 33.6 mm h–1 and other rain events with lower-inten-
sity but longer duration during the weeks preceding the days when
the landslides were probably activated, with average values
between 0.4 and 1.3-mm h–1, and rainfall duration between 5 and
11 hours. 

In addition to this, the presence of the road network within the
study area can be considered as an additional element, which was
potentially responsible for the observed terrain failures. The road
was made to reach the highest sections of the vineyard to facilitate
some agricultural activities. The road’s surface is partly made of
concrete (Figure 1B) with some unpaved sections in the whole
vineyard. The total length of the road network inside the study area
is about 600 m with an average width of about 2 m, on an average
slope of 15.7° (slope range between a minimum of 0.03° and a
maximum of 19.2°).  

Materials and methods

Data collection and processing

Landslide overview within the study area 
During field inspections, the extension and the thickness of the

soil removed by the landslides were measured manually with a
stick meter to have an initial overview of their characteristics. The
measures taken on the field firstly underlined an increased exten-
sion of the L1 surface of more than 50 m2 (Figure 2). The measure-
ments of the vertical distance between the top of L1 and the ground
below were calculated manually during the first and the second
survey and were equal to a maximum value of 0.85 m and 1.20 m,
respectively. The length of the road section located at the top of L1
was 11.8 m, and L1 was characterized by an average slope of
above 38 degrees, covering a surface of 44 m2 and a perimeter of
above 34 m. The measurements of L2 revealed an average slope of
40.9 degrees, a surface of more than 60 m2, a perimeter of about 40
m, and a maximum vertical distance (between its crown and the
ground below) equal to 1.10 m. Finally, the characteristics of the
third observed failure (L3) did not change between the first and the
second UAV survey, with a corresponding surface of 98 m2, a
perimeter of about 45 m, an average slope of 43.4 degrees, and a
maximum vertical distance equal to 0.90 m. Considering that, the
proposed analysis investigated the land degradation dynamics
affecting L1 and L2 zones over time.

Uncrewed Aerial Vehicles-Structure from Motion data acquisition 
4D UAV-SfM surveys were carried out to compare and detect

the differences in topographical and geomorphological terms for the
detected landslide. Ground control points (GCPs) and checkpoints
(CPs) were considered as an integral part of the process to reduce
errors significantly and check the quality of the output. Particular
attention was paid to the location of visible GCPs and CPs in the
study area, making sure they were uniformly distributed.

                             Article

Figure 2. Comparison between landslides detected during the first Uncrewed Aerial Vehicles (UAV) survey (A: 18 October 2019) and
the second one (B: 17 December 2019). Both aerial photos were taken during field surveys with UAV.
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Two UAV-SfM surveys were conducted on 18 October 2019
and 17 December 2019, respectively, after two subsequent land-
slide events. Each survey was planned on days with similar weath-
er conditions and at the same time of day to preserve the quality of
the SfM survey. Photos were taken with a DJI Mavic Pro® UAV,
which mounts a camera with 1/2.3” sensor (CMOS), focal length
26 mm, 12 M pixel, and a stabilized 3-axes gimbal. The GCPs and
CPs were measured using the Geomax Zenith40® GNSS receiver
in RTK mode (WGS 84/UTM zone 32N coordinate system; EPSG
32632). To achieve an optimal aerial image overlap and for the
subsequent generation of photogrammetric outputs, a detailed
flight mission planning is fundamental before image acquisition. In
this way, the main parameters concerning both the flight (e.g.,
speed and altitude of the drone) and the camera (e.g., gimbal tilt
and image format) were carefully set. Since the flight altitude is
related to the take-off point, the survey was divided into different
parts, considering the altitude differences in the entire study area.
Nadiral and oblique photographs were integrated to have a com-
plete survey of the vertical (e.g., terrace walls) and horizontal (flat
terrace areas) features of the study area. Finally, the surveys were
integrated with pictures taken in manual flight mode. In this way,
it was possible to focus on specific zones (e.g., the detected land-
slides) and increase the quality of the outputs significantly.

Regarding the first UAV-SfM survey performed, a total of 464
images were taken on a surface of 2.22 ha at a flight altitude of 46 m.
The second UAV-based survey covered an equivalent surface at the
same altitude, taking a total of 515 images. A total of 23 GCPs and
10 CPs were located among the study area and measured with the
GNSS receiver, with an X, Y-Z accuracy between 0.03 and 0.04 m.

Structure from Motion data processing 
UAV images were processed using the software Agisoft

Metashape Pro® v 1.6.2., which makes it possible to reconstruct a
three-dimensional model of a surface based on SfM and MVS
algorithms. In particular, the procedure included the fundamental
steps, i.e., i) camera pre-calibration and removal of low-quality
images; ii) SfM step that aligned photos and created a sparse points
cloud; iii) GCPs addition for point cloud georeferencing and
respective error evaluation; iv) point cloud optimization through a
bundle adjustment algorithm; v) elaboration of high-density point
cloud; vi) orthomosaic generation.

To identify any bias and estimate the accuracy and precision of
the obtained point clouds, 1/3 of GCPs were selected and consid-
ered as CPs, excluding them in the data georeferencing process
(Cucchiaro et al., 2018). In this way, an analysis of GCPs and CPs
residuals (e.g., the difference between the real coordinates of this
point and the modelled values) provide a measure of uncertainty of
each point cloud. The mean of the residuals indicates the accuracy
of the registration process; the standard deviation of the residuals
yields an indication of the precision level (Cucchiaro et al., 2018).

Furthermore, the root mean square error (RMSE3D) was computed
in x, y, and z directions to check further for potentially biased point
errors (Remondino et al., 2017).

Structure from Motion point cloud post-processing
The obtained point clouds were processed using Cloud

Compare software (http://www.danielgm.net), to approach point
filtering steps. In this regard, the removal of noises and outliers
preserving terrain features and details were performed on both
point clouds following two phases. Firstly, manual cleaning was
conducted to remove all the points outside the study area, clearly
defining its boundaries. Secondly, outliers were removed through
the statistical outlier removal (SOR) filter, based on the point cloud
library. The SOR algorithm computes the average distance
between each point and its neighboring points. It rejects the points
beyond a specific threshold, which is calculated based on two
parameters: k (i.e., the number of points to consider in the compu-
tation of the mean distance) and nSigma (i.e., the standard devia-
tion multiplier threshold). 

Subsequently, point clouds were filtered by selecting only the
points belonging to the Earth’s surface. This operation is crucial in
DEM creation, particularly in complex areas, such as agricultural
fields with dense vegetation. Despite numerous semi-automatic
algorithms for extracting terrain points from clouds, manual filter-
ing allowed us to carefully clean the point clouds. In this connec-
tion, point clouds were divided into regular sections along the line
of maximum slope, creating strips and facilitating the cleaning pro-
cess. Finally, a quality evaluation of the elaborated 3D point clouds
was computed, looking at precision, accuracy, and registration
errors through the GCPs and CPs quality assessment. 

Point clouds co-registration and Digital Elevation Models elab-
oration

To improve the results of the multi-temporal point clouds com-
parison, the co-registration step was necessary to minimize the
spatial difference between them, especially regarding vertical data
(i.e., the elevation value). To identify the reference point cloud and
the aligned one, the RMSE3D values of GCPs and CPs were con-
sidered (Table 1). Based on these values, the point cloud of
December 2019 was chosen as the reference cloud, while the point
cloud of the first survey was considered as the aligned one, which
was moved during the co-registration procedure. Point clouds co-
registration was performed in Cloud Compare, using the Point
Pairs Picking tool. Manholes located along the road network
around the vineyard were considered as specific stable point pairs
in both point clouds to align. An error analysis was computed by
looking at the multiscale model to model cloud comparison
(M3C2) distance calculation during the cloud-to-cloud comparison
(Lague et al., 2013), considering the standard deviation of M3C2
value as precision error for stable areas. 
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Table 1. Main errors in the Structure from Motion surveys point clouds. 

Point cloud              Point cloud        Point cloud accuracy (m) Point cloud precision (m)           RMSE3D           RMSE3D
                          (number of points)                                                                                                                          CPs (m)           GCPs (m)
                                                                    x            y              z                              x                y                z                                                

Survey 1                              78,940,480                     0.040         0.020            0.035                                0.020             0.026             0.037                   0.057                         0.039
(18 October 2019)                     
Survey 2 
(17 December 2019)        67,120,287                     0.017         0.016            0.038                                0.014             0.012             0.026                   0.046                         0.039
The table shows the number of points of the two computed dense point clouds,  point cloud accuracy [described by the absolute mean of check points (CPs) residuals] and point cloud precision (described by stan-
dard deviation of CPs residuals) for the two Uncrewed Aerial Vehicles surveys, and root mean square error (RMSE3D) total value observed during point cloud elaboration, respectively regarding ground control
points (GCPs) and CPs.
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Finally, the elaboration of DEMs was carried out considering
the Natural Neighbour Interpolation technique. Based on a subset
of surrounding points, it provides a value to the unknown point
according to the weight assigned to each one as a function of a pro-
portional area. Subsequently, the interpolation was performed
using ArcGIS® software, setting a DEM cell size of 0.15 m to iden-
tify specific geomorphological changes and surface alterations. An
analysis of DEMs accuracy was carried out, focusing on the dis-
crepancies between the CPs elevation measurements detected with
the GNSS and the corresponding DEM values so as to calculate the
RMSE for each digital elevation model. 

Morphometric analysis of landslides 

Relative Path Impact Index 
Considering the aims of this research, it is fundamental to bet-

ter understand if the road’s presence plays a potential role in the
activation of the observed landslides. 

To quantify the influence of the road on the alteration of sur-
face flow directions, the relative path impact index (RPII) was
applied (Tarolli et al., 2013), investigating the possibility of adopt-
ing this method also in a terraced agricultural area. The RPII,
mathematically defined by Equation 1, is a morphological index
that can compute the effects of specific anthropogenic elements
(e.g., roads and trails) on the distribution of the contributing area
and hence of the flow pathways. In particular, the contributing area
is considered a proxy of the distribution of the flow paths. The log-
arithmic form of the index better underlines the zones with an
increase of the drainage area due to the road presence.

                                                   
(1)

Considering the equation above, Ar stands for the contributing
area evaluated in the presence of the road network, while Asm rep-
resents the contributing area elaborated without any road through
a specific DEM smoothing process. In this regard, the drainage
areas were calculated following the methodology proposed in
Tarolli et al. (2013) using the D-Infinity flow direction algorithm.
The DEM derived from the first UAV survey was considered in
order to focus on the predictive role of RPII in the detection of any
alteration of road-induced flow directions. Therefore, the consid-
ered DEM was smoothed applying the quadratic approximation
introduced by Evans (1979), as underlined in the following
Equation (2):

                                 
(2)

where x, y, and Z are local coordinates and parameters a to f stand
for the quadratic coefficients, solved by applying a 91-m moving
window to correctly simulate the absence of infrastructures (i.e.,
the road network). In our case, looking at both DEM resolution and
road size, this turned out to be the most appropriate value able to
correctly smoothen the considered DEM and avoid excessive
reductions in the extent of the terrain elevation model, as a conse-
quence of the smoothing operations. The RPII values are directly
proportional to the alteration of flow paths due to the presence of
specific anthropogenic features (Tarolli et al., 2013). 

Quantification of morphological changes through Digital eleva-
tion models of Difference computation

The geomorphological changes affecting the study area were
analysed through DEMs comparison. This is possible by DEMs
subtraction and calculating the total volume of erosion, deposition,
and net change through the DEM of difference (DoD) elaboration.
DoD was performed with the geomorphic change detection (GCD)
ArcGIS® software (Weaton et al., 2010).  Due to the morphologi-
cal complexity of the study area, it was not possible to use a uni-
form error and consequently apply a simple minimum level of
detection (minLoD) for the DoD computation (Bossi et al., 2015)
to achieve efficient results. In this regard, a spatial minLoD was
applied to threshold correctly any significant changes (Cucchiaro
et al., 2018) and evaluate spatial uncertainties in each DEM. The
multiple error assessment method was performed based on the dif-
ferent types of surfaces in the study area in which the DoD was
computed. The various surfaces were divided into stable areas,
vegetation, landslides, and zones that were previously excluded in
DoD computation (i.e., No Data resulting from the presence of
shadows or holes in the computed clouds, as well as zones with
low point density). During the DoD elaboration, error surfaces
were created for each surface type, considered a specific mask with
a respective error value (i.e., 0.044 m for the road network, 0.120
m for vegetation, and 0.044 m for landslides). Error values for the
road network and landslides were calculated considering the road
as a stable area. The multiscale model to model cloud comparison
(M3C2) tool of cloud compare was used to define the distance
between SfM point clouds in these unchanging zones. The stan-
dard deviation of M3C2 distance was adopted as precision error
for stable areas and landslides to correctly calculate erosion, depo-
sition, and net change volumes. Finally, vegetated surfaces (i.e.,
vineyard and grass zones located around it) were considered the
last surface types with error values related to the presence of resid-
ual vegetation (i.e., low foliage and residual biomass) on the
ground, especially along the rows of vines. In this connection, the
error value for vegetated surfaces was chosen according to the
absolute mean of vertical residual noises within both vineyard and
grass zones.

The computation of uncertainty values (i.e., precision errors)
of each surface type was performed for the two DEM to propagate
them during their comparison. The spatially distributed approach
was suggested for error propagation and further identification of
the final minLoD value to analyse successfully any detected geo-
morphological changes. The minLoD value can be calculated
based on Equation (3) proposed by Brasington et al. (2003):

                                         
(3)

where t stands for spatial distributed Student’s t-values, while ε1-i
and ε2-i stand for the errors of a specific i-pixel for each DEM. The
final thresholded DoD was elaborated adopting a t-value equal to
1.96, corresponding to a 95% confidence interval (CI) to maintain
a conservative approach for the DoD computation.

Finally, the budget segregation function of GCD was applied
to calculate the erosion and deposition volumes for specific
regions of the study area, for which the DoD was elaborated (that
is, focus the analysis on landslides zones). The raw DoD was com-
puted, comparing the values of the thresholded DoD with the
results of DoD elaborated avoiding the application of a specific
minLoD.
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Multi-temporal comparison of geomorphometric indicators
Land morphological changes were analysed further by the

computation of specific geomorphometric indicators. First, a
multi-temporal comparison of the curvature and roughness index
of landslide-prone areas was computed. In this work, a multi-tem-
poral mapping of curvature changes along the landslide profile was
elaborated starting from the analysis of the profile curvature, i.e.,
the curvature along the vertical plane in the steepest downslope
direction (Krebs et al., 2015). The selection of specific kernel size
in the profile curvature elaboration permitted us to depict the land
surface curvature in detail. The profile curvature was calculated
with a 9-cell moving window to identify precisely all convexity
and concavity zones. 

In addition to the multi-temporal analysis of the profile curva-
ture, the multi-temporal comparison of the roughness index was
elaborated. As underlined by Sofia (2020), the variability of sur-
face roughness can be associated with the occurrence of gravita-
tional processes, such as landslides and erosive phenomena. In this
connection, surface roughness can be defined as the standard devi-
ation of residual topography (Cavalli and Tarolli, 2011). Therefore,
each computed DEM was smoothed within a 9-cell moving win-
dow, looking at the size of the specific features under investigation.
The corresponding grid of residual topography was then created by
calculating the cell-by-cell difference between the original DEM
and the smoothed one. The standard deviation of residual topogra-
phy was calculated considering the following Equation (4),
through the application of specific codes in the GRASS GIS envi-
ronment:

                                        
(4)

where σ stands for the roughness index, n is the number of pro-
cessed cells in the moving window, xi is the value of the i-cell of
the residual topography within the selected moving window, and
xm is the mean of the processed cells within the 9-cell moving win-
dow. 

Multi-temporal feature extraction
To perform a multi-temporal feature extraction, the maximum

curvature (Cmax) was calculated to highlight local surface convex-
ity identified in slope discontinuities and consequently related to
landslide-prone surfaces (Tarolli et al., 2012). Cmax was elaborated
following the multi-scale parameterization proposed by Wood
(1996). Accordingly, it is possible to evaluate Cmax using the fol-
lowing Equations (5 and 6):

                                   
(5)

                                                                                                 

                           
(6)

where a, b and c are quadratic coefficients, g is the DEM grid res-
olution, and k is the size of the selected moving window. A 9-cell
moving window was chosen for Cmax computation to adequately
proceed in features extraction overlooking the presence of irrele-
vant elements. The interquartile range (IQR) was used to define the
threshold value of Cmax. In particular, a threshold equal to 1.5 IQR
of Cmax was adopted as a suitable threshold for shallow landslide

feature extraction, as already demonstrated in Tarolli et al. (2012),
where similar shallow landslide features were considered. The fol-
lowing Equation (7) was adopted in the calculation:

                           
(7)

where m is the selected multiplication factor, and IQR stands for
the difference between the third and the first quartiles. LandSerf
and Matlab® software packages were used for Cmax elaboration and
its respective threshold evaluation. The accuracy of extracted fea-
tures for both L1 and L2 was assessed, considering that the process
of features classification is affected by statistical errors. After
defining the null hypothesis, in this case corresponding to the con-
dition in which the study area is not involved in landslides, it is
necessary to define whether it was correctly discarded in favour of
the alternative one (i.e., the presence of landslide features within
the detected study area) through the feature extraction procedure.
Therefore, type Ι error is shown if the null hypothesis is rejected,
when indeed it is true. On the contrary, type ΙΙ error occurs when
the null hypothesis is accepted, when indeed it is false. Type Ι error
stands for false-positive, and type ΙΙ error for false negative
(Tarolli et al., 2012). To verify the accuracy of the extracted fea-
tures, they were compared with the features of L1 and L2 mapped
and rasterized from orthophoto and field data. Considering the
landslide measures collected on the field, a buffer of 1.5 m was
created on each side of the L1, and L2 reference features, respec-
tively, to envelope convex slope breaks and to correct issues relat-
ed to horizontal accuracy misstatements of each DEM. The good-
ness of feature extraction was analysed by calculating the quality
index (Equation 8) proposed by Heipke et al. (1997):

                                                                                                 

                           
(8)

where TP are true positives (i.e., the features which are correctly
detected by the extraction method), FP are false positives (defined
as the extracted features that do not correspond to the field obser-
vations), and FN are false negatives (i.e., zones within the buffer
that are not extracted by the adopted method). The quality index
ranges between 0 (for no overlap between extracted and observed
features) and 1 (for perfect overlap between extracted and
observed features) (Tarolli et al., 2012). 

Results

Structure from Motion error assessment
An overview of main parameters and errors computation of the

SfM point clouds is presented in the following Table 1, which
highlights the magnitude in centimetres of the overall accuracy of
the SfM surveys, described by the respective GCPs and CPs errors.

The values of the M3C2 distance are in centimetres, further
underlining the quality of the computed analysis. The uncertainty
values of each detected surface type were identified by looking at
each UAV-derived point cloud (Table 2). The co-registration pro-
cess was then performed to obtain a final RMS value (i.e., the co-
registration error) equal to 0.045 m. Finally, DEMRMSE was equal
to 0.103 m and 0.058 m, respectively, for the first and the second
computed digital elevation model. 
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Relative Path Impact Index 
Figure 3A shows the detail of the RPII index close to the L1

location. Figure 3B shows that a specific section of the road is
potentially involved in alterations of the water flows and conse-
quently in the detected geomorphological changes. Moreover, the
evident alteration of the water flows located to the left of the L1
area consists of a zone that is not currently affected by land degra-

dation. However, this could be potentially predictive of a worsen-
ing of the present situation in the future. Furthermore, concerning
the RPII index near the L2 zone (Figure 3C), it appears that the
unpaved section of the road network located above the L2 area is
potentially responsible for the alterations of the shallow water
flows toward the zone affected by the landslide (Figure 3D). As the
figure shows, there is a marked alteration of the flow paths (iden-

                             Article

Figure 3. Detail of relative path impact index (RPII) underlining the flow alterations close to the paved section of the road, located
upstream to the L1 (A) and L2 (C) zones and focus on L1 (B) and L2 (D) areas under the specific road section. Critical zones, identified
by the higher σRPII values (reddish colours) represent the flow concentrations due to the presence of the road. In particular, the red
circles highlight such alteration close to the road segment located upstream the L1 (A) and L2 zone (C).
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Table 2. Detail of budget segregation results for the digital elevation models of difference (DoD) computed for L1 and L2. The table
shows the results of thresholded DoD and their respective raw DoD results for each detected landslide.

DoD                                        Thresholded DoD (95% CI)                                                                        Raw DoD
December 2019-          Erosion           Deposition      Net volume difference                  Erosion         Deposition      Net volume difference
October 2019                 (m3)                   (m3)                          (m3)                                   (m3)               (m3)                         (m3)

L1                                           20.49±2.29               15.26±2.03                         –5.23±3.06                                          21.49                      15.64                                   –5.84
L2                                           10.34±1.29                9.61±1.52                          –0.73±1.99                                          10.69                       9.95                                    –0.74
DoD, digital elevation models of difference; CI, confidence interval.
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tified by medium-high RPII values) starting from that section of
the unpaved road upwards to intercept the L2 area and then reach-
ing the underlying paved road. The RPII index underlines the pri-
mary role played by the presence of the road in the terraced vine-
yard in the alteration of the water flows, thus potentially triggering
the activation of landslides.

Digital elevation models of Difference
Figure 4A illustrates the thresholded DoD (95% CI) elaborated

for the entire study area. Erosion and deposition surfaces for both
L1 (Figure 4B) and L2 zones (Figure 4C) are notable, while ero-
sion areas into the vineyard mainly derive from small residual dis-

crepancies in the filtering processes. Results from budget segrega-
tion are reported in Table 2 and in the bar plots of volumetric
changes (Figure 4D and E). Table 2 highlights that differences
between the raw DoD values and the thresholded DoD are in the
order of a few centimetres, thus showing low uncertainties in the
accuracy of the volume estimation. 

Considering the computed DoD, the adoption of the multiple
error assessment method, whereby the DoD results are stripped
according to specific error surfaces (Wheaton et al., 2010;
Cucchiaro et al., 2018), allowed us to make a detailed volumetric
estimation of erosion and deposition surfaces. In our case, thresh-
old values describing the volumetric results underline the success-
ful implementation of DoD related to the detected landslides.

                             Article

Figure 4. Overview of the computed digital elevation models of difference (DoD) (95% confidence interval) (A) and focus on DoD
elaborated for the L1 (B) and L2 zones (C). Erosion is shown in reddish colours, deposition in blue. The figure also shows the bar plot
of elevation changes regarding volumetric erosion and deposition values derived from budget segregation results computed for the L1
(D) and L2 zones (E) respectively. 
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Multi-temporal comparison of geomorphometric indicators
The computation of profile curvature for L1 and L2 zones is

presented in Figure 5, which highlights the worsening of the L1
zone due to the presence of several upwardly convex surfaces (red-

dish colours, Figure 5C). With reference to Wilson and Gallant
(2000), net erosion areas correspond to profile convexity zones,
while net deposition areas correspond to profile concavity zones.
Moreover, the profile curvature is parallel to the direction of the
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Figure 5. Multi-temporal comparison of profile curvature computed for L1-pre (A) and L1-post (C) and for L2 (D). Figure 4B shows
the profile curvature elaborated for the zone affected by L2, before its occurrence. This figure also shows the multi-temporal comparison
of the roughness index performed for L1-pre (E), L1-post (G) and L2 (H). Figure 4F shows the roughness index elaborated for the zone
affected by L2, before its occurrence.
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maximum slope (Krebs et al., 2015). In Figure 5A and Figure 5C,
convex surfaces are identified by the positive values of the profile
curvature. The comparison with the profile curvature elaborated
for the same landslide area observed during the first UAV survey
(i.e., L1-pre) (Figure 5A) highlights the geomorphological changes
of the L1 zone. Likewise, the activation of L2 is underlined by the
presence of high values of the profile curvature close to it (Figure
5D) with respect to the observations made in the same zone before
its activation (Figure 5B). The computation of the profile curvature
also shows negative values (blue colours) within each landslide’s
surface. These values indicate upwardly concave surfaces, which
can potentially be deposition areas due to terrain failures and land
movement into each landslide zone.

Figure 5 also shows the multi-temporal comparison of the
roughness index calculated for L1 and L2. The roughness index
calculation as the standard deviation of residual topography
allowed us to calculate the surface roughness, which was not
affected by the influence of slope variability along the surface. The
evolution of L1 and L2 between the two UAV surveys can be
recognised through the local variabilities of the elevation values
(Figure 5E-H). In the figure above, the higher values of the rough-
ness index can be seen close to the top of the landslides (Figure 5G
and H), while the concurrent presence of high roughness values
upstream and downstream the L2 zone mainly derive from the
remaining noises of the residual topography computation. At the
same time, lower roughness values correspond to flat areas, such
as the road network or the grass surfaces close to the detected land-
slides. 

Multi-temporal feature extraction
The multi-temporal comparison of maximum curvature and

feature extraction for L1 and L2 is outlined in Figure 6. 
The evolution of L1 is shown by the elaboration of the curva-

ture and the consequent features extraction. The comparison of the
curvature maps elaborated for L1-pre and L1-post (Figure 6A and
B) shows an increase of the curvature values, which correspond to
the convex slope breaks close to the collapsed terrain. In this
regard, the feature extraction using 1.5 IQR as a threshold value
successfully describes the evolution of L1 features (Figure 6C and
D). Some noises affect the result of feature extraction, and their
presence is mainly due to the choice of the m factor (see Equation
7). When this parameter increases, the feature recognition is more
efficient with a concurrent reduction of hillslope noises. At the
same time, however, exaggerated values of m can lead to the loss
of information about the features being extracted (Tarolli et al.,
2012). 

Likewise, Figure 6E-H shows the multi-temporal mapping of
Cmax and the feature extraction for the L2 zone before and after the
landslide occurred. This figure shows an increase of the curvature
values upstream the L2 site (Figure 6E and F) and the presence of
high Cmax values within the L2 surface with respect to the curva-
ture map elaborated for the same area before L2 activation. The
L2-feature extraction highlights the landslide activation, underlin-
ing specific convexities that correspond to the extracted features
themselves. A low presence of hillslope noises among the detected
L2 surface (Figure 6G and H) is evident, especially in the L2 area
observed during the first UAV survey (Figure 6G). The results
indicate an overall consistency between the extracted and the ref-
erenced features, with a quality index equal to 0.22 for L1-pre,
0.63 for L1-post, and 0.69 for L2. 

Figure 6 shows a multi-temporal comparison between
observed and extracted features for L1 and L2. The red arrows in
Figure 6C, D and H, highlight the match between the detected and

extracted features for both L1 and L2. At the same time, this figure
also shows the presence of many detected features that were not
successfully extracted by the adopted methodology. These areas of
mismatch between what was on the field and what was subse-
quently elaborated in terms of extracted features mainly represent
false positives data (i.e., type Ι errors).

Discussion
This article proposes an analysis of the monitoring process of

shallow landslides activated in a steep terraced agricultural system
through an innovative multi-temporal comparison of geomorpho-
metric indicators using a multitemporal survey. Our work further
highlights the efficiency of 4D UAV-based SfM surveys in this
kind of analysis in line with other useful UAV applications in agri-
cultural contexts (Tucci et al., 2019; Yamazaki et al., 2019). The
elaboration of high-resolution DEMs allowed the computation of
some key morphometric indexes to better understand the Earth sur-
face physical process considered in our analysis.

The mapping of the RPII index, for example, revealed values
between 2σ and 4σ close to the road sections located above L1 and
L2, showing the role played by the road network in the alteration
of water flow directions, thus triggering the activation of land-
slides. Similar analyses were presented in Tarolli et al. (2013),
where the RPII was applied in a mountain environment for the
detection of surface water flow alteration and erosion due to moun-
tain trails and forest roads, and in Tarolli et al. (2015) for the eval-
uation of the role of agricultural roads in the activation of soil ero-
sion processes. The novel point of our work is the application of
the RPII to multitemporal DEMs to test its predictive capability for
shallow landslide phenomena. The obtained results emphasized its
efficiency in identifying potentially critical interactions between
the road and water directions. This information could be useful for
providing effective soil and water conservation measures to miti-
gate the phenomena (e.g., ditches). Our work also, confirmed the
advantages of RPII with respect to other indexes like the index of
connectivity (Cavalli et al., 2013) or the simple elaboration of
water flow directions. While these latter are useful for detecting
sediment connectivity toward specific features and the investiga-
tion of unaltered water flow dynamics, the RPII represents a rapid
and efficient tool to analyse landslide triggering on terraced agri-
cultural systems.

The DoD elaboration led to a detailed volumetric estimation of
erosion and deposition surface close to the collapsed hillslopes. In
this connection, our research further highlights that the multiple
error assessment in DoD computation can be successfully imple-
mented in the multi-temporal investigation of landslide dynamics
affecting very steep terraced agricultural systems at the hillslope
scale. Comparable analyses were proposed by Wheaton et al.
(2010), Vericat et al. (2017) and Cucchiaro et al. (2018), who
investigated different environmental contexts and purposes, focus-
ing on the possibility to adopt a spatially distributed error evalua-
tion in the investigation of geomorphological changes affecting
areas with complex topography. 

The innovative multi-temporal comparison of profile curva-
ture, roughness and feature extraction proved a valuable tool to
describe in-depth the evolutionary dynamics of specific landslide
features, such as their crown and other detected geomorphological
changes affecting the terraced agricultural area under study on a
field scale over time. The UAV-based multi-temporal analysis of
shallow landslide crown evolution in a high-steep agricultural
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Figure 6. Multi-temporal comparison of Cmax computed for L1-pre (A), L1-post (B), L2 zones before (E) and after (F) its occurrence,
and multi-temporal comparison between observed and extracted features for L1-pre (C), L1-post (D), L2 zones before (G) and after
(H) the failure. The red arrows indicate the position of the extracted features as observed during the field surveys.
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landscape is a novelty that deserves attention for planning useful
mitigation strategies. Finally, the computation of the quality index
was equal to 0.22 (L1-pre), 0.63 (L1-post), and 0.69 (L2), thus
underlining the efficiency of features extraction and further sup-
porting the quality of the presented outcomes and the validity of
the adopted methodology. Compared to the results obtained in
Tarolli et al. (2012), where landslide crown features were extracted
in complex landscapes, the values of the quality index obtained in
our work indicate better performance (L1-post and L2). Therefore,
this confirms that a UAV-based multi-temporal survey, carried out
with proper attention, could be an excellent tool for monitoring
landslide occurrence in terraced agricultural hillslopes over time.

Conclusions
This work proposes a multi-temporal computation of geomor-

phometric indicators to provide a detailed analysis of the landslide
dynamics affecting a very steep slope terraced agricultural system.
The focus was on landslides activated by roads. We considered
high-resolution digital elevation models derived from two UAV
photogrammetry surveys. The 4D comparison of geomorphometric
indicators revealed to be an efficient tool in the study of geomor-
phological changes at the field scale. The study of this topic
through the proposed methodology can be a well-grounded starting
point to further investigations on a larger scale. The analyses pre-
sented in this work can be seen as a useful tool for mapping land-
slide phenomena affecting agricultural areas, focusing on the role
of road networks in their activation. This topic still needs to be
deeply investigated in the literature. The geomorphic indexes test-
ed in the work (RPII, roughness index, landform curvature) and the
quantification of the soil eroded and deposited by landslides
through the geomorphic change detection approach helped us to
better understand (thanks to the details of the considered micro-
topography) the discussed phenomena in the investigated steep
agricultural terraced hillslope. We believe that these findings will
provide a basis for additional analysis regarding the influence of
road management and design on land degradation dynamics, which
are responsible for severe economic losses, geomorphological
changes, and environmental alterations of agricultural systems as a
whole. In this way, the proposed results and the obtained thematic
maps could prove useful to identify and implement sustainable
actions for more efficient management of this aspect. Specific
interventions on soil management, bank stabilization, and restora-
tion could be carried out starting from the comparison of rough-
ness, curvature, and feature extraction over time to promptly find
out efficient mitigation strategies to reduce the occurrence of risk
scenarios.

Further investigations could be undertaken to analyse in
greater depth this topic in hydrological terms, focusing on the
design of alternative drainage systems along the roadway and close
to the collapsed surfaces. In this connection, a more extensive sci-
entific knowledge can be gained on the role played by roads in the
alterations of superficial and sub-surface water dynamics linked
with the occurrence of landslides also in agricultural systems.
Moreover, identifying areas that can be potentially exposed to
landslide activation represents a relevant aspect for landowners
and farmers. Therefore, this has a primary relevance especially
where the presence of infrastructures like roads and trails is funda-
mental in term of productivity and cropland management, but can
also represent one of the main causes for landslides and land degra-
dation processes.
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