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Abstract

UAV platforms equipped with RTK positioning and LiDAR sensors are increasingly used
for landslide monitoring, offering frequent, high-resolution surveys with broad spatial
coverage. In this study, we applied high-frequency UAV-based monitoring to the active
Baldiola earthflow (Northern Apennines, Italy), integrating 10 UAV-LiDAR and pho-
togrammetric surveys, acquired at average intervals of 14 days over a four-month period.
UAV-derived orthophotos and DEMs supported displacement analysis through homolo-
gous point tracking (HPT), with robotic total station measurements serving as ground-truth
data for validation. DEMs were also used for multi-temporal DEM of Difference (DoD)
analysis to assess elevation changes and identify depletion and accumulation patterns.
Displacement trends derived from HPT showed strong agreement with RTS data in both
horizontal (R? = 0.98) and vertical (R? = 0.94) components, with cumulative displacements
ranging from 2 m to over 40 m between April and August 2024. DoD analysis further
supported the interpretation of slope processes, revealing sector-specific reactivations
and material redistribution. UAV-based monitoring provided accurate displacement mea-
surements, operational flexibility, and spatially complete datasets, supporting its use as
a reliable and scalable tool for landslide analysis. The results support its potential as a
stand-alone solution for both monitoring and emergency response applications.

Keywords: UAV; LiDAR; monitoring; remote sensing; landslide; earthflow; homologous
point tracking; DEM of difference; robotic total station; Northern Apennine

1. Introduction

In recent years, ground-based and remote sensing technologies have enhanced the
quantity and quality of data available for landslide detection, monitoring, and predic-
tion [1-4]. Over the past 20 years, robotic total stations (RTSs) have become widely used
for continuous monitoring [5], providing high-precision, automated data with high tem-
poral resolution and enabling long-term tracking of critical points [6-8]. However, such
devices also have limitations, including their point-based nature, the need for a clear
line of sight, and the need for field accessibility for prism installation and maintenance.
Meeting such conditions may be challenging in unstable or remote environments. UAV-
based methods have more recently emerged as a practical and effective solution [9-13],
combining high operational flexibility with the ability to collect data in areas that are
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inaccessible or unsafe for fieldwork. Their application has become almost systematic, with
both small-sized commercial and sector-specific drones now widely used for high-accuracy
surveys [14]. High-resolution orthophotos and Digital Surface Models (DSMs) can be
derived from Structure-from-Motion (SfM) photogrammetry techniques, enabling spatially
continuous representation across an entire landslide area [15-20]. More advanced UAV
systems equipped with LiDAR sensors produce dense 3D point clouds, from which detailed
Digital Elevation Models (DEMs) can be derived [21,22]. UAV platforms equipped with an
integrated Real-Time Kinematic (RTK) GNSS module, along with an external GNSS base
station or a network-RTK service, enable centimeter-level accuracy and high repeatability.
This allows for precise multi-temporal survey comparisons without the need for time-
consuming placement and measurement of Ground Control Points (GCPs) [23-27]. Recent
developments in automated processing techniques have further improved the potential
of UAV-derived datasets. Methods such as Digital Image Correlation (DIC) [28-30] and
Digital Elevation Model of Difference (DoD) [31-35] allow for the detailed and continuous
assessment of landslide evolution.

Although UAV-based surveys are now widely adopted in landslide monitoring, some
gaps still remain. For instance, most applications focus on descriptive geomorphology or
long-term observation, with acquisition intervals typically ranging from several months
to over a year. The use of UAV-LiDAR systems for high-frequency monitoring of active
landslides, especially moderately rapid earthflows [23,30], remains limited. As a result,
the temporal resolution of derived products is often insufficient to capture short-term
kinematic changes. In addition, while point-based displacement retrieval methods are
increasingly employed, quantitative validation through ground-based data, such as RTS
measurements, is not consistently addressed. Similarly, multi-temporal DEMs are com-
monly used for volumetric analysis and qualitative interpretation, but due to the limited
temporal resolution of most UAV surveys, a detailed reconstruction of landslide evolution
based on high-frequency DEM sequences remains largely unexplored.

In this manuscript, to overcome these gaps, we conducted bi-weekly UAV-LiDAR
surveys between April and August 2024 to monitor the activity of the Baldiola earthflow, a
moderate to rapid landslide located in the Panaro River valley (Northern Apennines, Italy).
To support the analysis, the UAV monitoring strategy was coupled with continuous RTS
monitoring, providing an independent ground-truth reference for validating UAV-derived
products. The goal was twofold: to test the reliability of UAV-based displacement data
and their applicability as a stand-alone monitoring solution, and to investigate the spatial
and temporal evolution of short-term active landslide processes. The UAV-based high-
resolution orthophotos were used for homologous point tracking (HPT), while UAV-based
DEMSs were used for multi-temporal DEM of Difference (DoD) analysis. HPT relies on the
supervised identification and tracking of clearly recognizable surface features inside the
landslide across multi-temporal surveys. In this study, HPT was used to assess horizontal
and vertical displacements inside the landslide. A subset of HPs was tracked in the
proximity of RTS Monitoring Prisms (MPs), enabling results validation. At the same
time, DoD analysis was used to quantify elevation changes associated with depletion
and accumulation processes inside the landslide area. Multiple time-sampling intervals
(consecutive, alternated, and across the entire period) were employed to support the
analysis of the landslide’s evolution over time.

2. Case Study
2.1. Geographical and Geological Setting

The Baldiola landslide (44°18'34""Nj; 10°55'46"'E) is located on the eastern bank of the
Panaro River, within the municipality of Montese, near the border with the municipalities of
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Pavullo nel Frignano and Zocca, Province of Modena (Emilia-Romagna Region, Northern
Italy). The landslide ranges in elevation from approximately 300 m a.s.l. (at the base)
to over 550 m a.s.l. (at the top). The landslide affects clay-rich formations belonging to
the basal complexes of the external Ligurian Units (Figure 1). These formations have an
oceanic origin and date back to the late Mesozoic, having evolved through several tectonic
phases to now outcrop in this area with chaotic, heavily deformed, and degraded structures.
According to Sheet 236 (Pavullo nel Frignano) of the Geological Map of Italy [36] and
the Emilia-Romagna Region geological WMS database [37], the landslide occurs within
the Scabiazza Sandstone Formation, which consists of clay-to-sandstone alternations in
varying ratios [38]. Field observations provide insights into the bedrock characteristics.
At outcrop scale, intense deformation hinders the recognition of bedding; where visible,
stratifications show a dip-slope configuration. The lithological alternation is dominated
by clayey units, with an arenite/pelite (A/P) ratio of less than 1. The sandstone layers
are less well-represented and appear heavily weathered and degraded, likely as a result
of landslide activity. The clay fraction, which also constitutes the main material in the
landslide deposit, is pervasive throughout the observed area.

653850E
Emilia-Romagna @ Baldiola Landslide
Modena province

Quaternary deposits
Alluvial deposits
|| [ Active riverbed (Panaro river)

1 Modena Unit
| Slope deposits

Complex landslide deposit (active)
Complex landslide deposit (quiescent)
| -« | Earthflow deposit (active)

| Bedrock geology

Y External Ligurian Units
[[] SCB - Scabiazza sandstones

] AV —Cassio variegated clays
| Structural data

| 19
\ﬁ / Stratigraphic dip and strike

Figure 1. Geological and geographical setting of the Baldiola landslide. On the left, a geological map
of the study area from the Emilia-Romagna region official WMS geological dataset. Reference system:
WGS84 UTM Zone 32N, EPSG:32632).

2.2. Geomorphological Features and Historical Activity

The landslide fits the definition of earthflow according to Cruden and Varnes'’s classi-
fication [39]. The earthflow body has a total planar length of about 1000 m and covers a
total area of 0.044 km?. It originates from a complex source zone with a maximum width of
135 m, currently affected by minor reactivations. After an initial steep section, the channel
bends rightward near a slope break, adapting its path to the surrounding morphology, and
then resumes a steeper descent toward the deposition area. Along this stretch, the channel
maintains a fairly consistent width of 30-40 m. The toe of the landslide exhibits alternating
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phases of advancement and erosion within the Panaro riverbed. The historical records
from the Emilia Romagna landslide archive [40] and multi-temporal satellite images [41]
confirm the existence and activity of the landslide since at least 1976-1978. During this
period, the source area experienced a total retrogression of more than 120 m, with 30-50 m
occurring only in the last 18 years (i.e., between 2006 and 2024, Figure 2). At the same
time, the active toe front has gradually migrated southward—i.e., upstream relative to the
river flow—while leaving behind older, more stable deposits. The landslide activity has
also triggered smaller-scale instabilities in surrounding sectors, either directly connected or
adjacent to the main body.

653300E 653850E 653950E

NSE€18061

NS€08061

25 50 m 0 25 50 m

[ S— [ S
(a) Toe area widening chronology (b) Source area retrogression chronology
1976 1988 1994 2000 —— 2006 1976 1994 2006
—— 2008 — 2011 —— 2018 —— 2020 —— 2024 —— 2008 —— 2018 —— 2024

Figure 2. Overview of the main evolution steps of the Baldiola landslide over time based on satellite
image reconstruction (Google Earth and available Emilia Romagna WMS). (a) Toe area widening;
(b) Source area retrogression. Base map: UAV survey, 12 April 2024. Reference system: WGS84 UTM
Zone 32N (EPSG:32632).

At present, the ongoing retrogression of the source area poses a potential threat to
a group of houses located upslope. In addition, although the toe’s widening into the
riverbed does not currently pose a blockage risk, it may affect flow dynamics over time,
potentially altering erosion patterns downstream. This could, in turn, destabilize the
opposite riverbank, where additional buildings and the SP4 road are located.

3. Materials and Methods
3.1. Operational Framework

A three-phase workflow has been adopted for this study (Figure 3). The first phase
focuses on slope surveys, involving both data acquisition and processing. In April 2024, an
RTS was installed on site and configured to monitor the displacement of 18 MPs distributed
in key locations across the landslide area, ensuring spatial coverage along the entire slope.
Simultaneously, high-frequency UAV surveys were conducted, combining photogrammet-
ric and LiDAR acquisitions at average intervals of 14 days, ensuring consistent temporal
coverage throughout the monitoring period. UAV data processing includes the generation
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of high-resolution orthophotos via Structure-from-Motion (SfM) photogrammetry and the
creation of Digital Elevation Models (DEMs) from filtered LiDAR point clouds.
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Figure 3. Conceptual workflow illustrating the three main phases of the study: survey methods, data
acquisition, and data processing (red, orange); slope movements assessment (green), and earthflow

dynamics assessment (blue).

The second phase deals with slope movement assessment, including displacement
assessment and terrain evolution analysis. RTS data provide direct, high-accuracy measure-
ments, while UAV-derived products support the application of the HPT method, which
is applied separately in horizontal and vertical displacement components. Horizontal
displacement is estimated by tracking reference features on orthomosaics; vertical displace-
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ment is retrieved by extracting elevation values from sequential DEMs at the updated
HP locations. HPT is first applied to a subset of 18 HPs located near monitoring prisms
(MPs), enabling direct comparison and validation. Once validated, the method is extended
to a second subset of four stand-alone HPs. Additionally, multi-temporal DoD analysis
is performed to evaluate accumulation and depletion patterns across the slope. DoDs
are computed at different time intervals to assess how monitoring frequency influences
the interpretation of short-term terrain changes. Although both vertical HPT and DoD
are derived from the same DEM dataset, they provide fundamentally different types of
information. Recognizing this distinction is essential for correctly interpreting UAV-derived
products and understanding the complementary roles of each method in landslide anal-
ysis. In fact, despite the frequent association of DoD with vertical displacement, the two
quantities are not equivalent (Figure 4). HPT quantifies ground displacement along the
trajectory of specific features, providing point-based measurements that are representative
of actual surface motion. Conversely, DoD evaluates elevation differences at fixed spatial
coordinates, detecting local surface changes—such as accumulation or depletion—without
tracking displacing elements.

~~~~~~ DoD method: HPT/RTS method:
vertical variation vDisp.
DEM 2, P ) P
“z\-\.\.\ _____ l(tz—h) on P (depletion)
DEM (35~ 12N T (t;~t,) on P (accumulation)
VDiSp.: PZ(tZ)_PZ(H)
- 1\ VDlSp= Pz(t3)_Pz(t2)
HPT/RTS method: .
thSp hDISp'zxp(tZ)_PX(ﬁ)

Figure 4. Conceptual illustration of the difference between HPT vertical displacement tracking and
elevation change detection via DoD. The vertical component in HPT is calculated by retrieving the
elevation at the updated position of a moving point (P) in each DEM. Conversely, DoD evaluates
elevation changes at fixed spatial coordinates by subtracting DEMs acquired at different times.

The third phase addresses earthflow dynamics analysis and focuses on interpret-
ing the processed data to support a comprehensive understanding of landslide behavior.
The comparison between RTS and HPT measurements is used to examine displacement,
distinguishing between horizontal and vertical components. Additionally, the temporal
sequence of DoD maps is analyzed to identify depletion and accumulation patterns across
the landslide area and to evaluate slope evolution.

3.2. Survey Methods
3.2.1. Robotic Total Station Monitoring

RTS monitoring was based on a Trimble S9 robotic total station (Trimble Inc., West-
minster, CO, USA), operated in free station mode and based on polar survey geometry.
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The instrument was configured via Trimble 4D Control (version 6.3.0) software with a
one-hour duty cycle and was used to monitor 18 monitoring prisms (MPs) and four fixed
reference prisms, which were positioned in stable areas to enable automatic corrections of
the instrument position. The RTS was installed on a reinforced concrete base located on the
opposite bank of the Panaro River, directly facing the landslide body. A plywood shelter
was built to protect the station from direct sunlight and rainfall. The system was powered
by the electrical grid and equipped with a backup battery to ensure continuous operation
in case of a power outage. MPs were distributed to ensure representative coverage of
the landslide: (i) along the active track zone; (ii) in previously active but now abandoned
unstable areas; (iii) in the source area; and (iv) over portions of the slope near the main
landslide body affected by instability. The position of the monitoring prisms along the
slope is shown in Figure 5.

653950E 653170.00E 653420.00E 653670.00E 653920.00E
1 1 1 |

ORTS

N

+

R04
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|
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Legend
Figure a
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N00°052806¥
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Figure 5. Map of the Baldiola landslide showing the location of the RTS and the four RPs (a), and the
initial positions of the 18 MPs across the landslide body (b). Base map: UAV survey, 12 April 2024.
Reference system: WGS84 UTM Zone 32N (EPSG:32632).

250 500 m

Between April and August 2024, RTS monitoring has provided both horizontal and
vertical displacement data for each MP. To georeference the RTS and ensure consistency
with UAV-derived datasets, the flight area of one survey was extended to include the RTS
installation, allowing its position to be identified. Monitoring was carried out continuously
throughout the observation period, except for a temporary interruption between 23 May
and 4 June 2024 due to a connection issue. Minor interruptions affecting individual MPs
were caused by landslide-related displacements or rotations; affected prisms were replaced
as soon as possible to restore measurements.

3.2.2. UAV Monitoring

UAYV monitoring was based on a DJI Matrice 350 RTK with a DJI Zenmuse L2 LiDAR
scanner as the onboard payload (D]JI Technology Co., Ltd., Shenzhen, China). The device
features an integrated dual-frequency RTK GNSS receiver for high-precision positioning
and operates in connection with a local GNSS reference station (DJI D-RTK 2 Mobile Station,
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DJI Technology Co., Ltd., Shenzhen, China) to enable RTK corrections. From April to
August 2024, a total of 10 UAV surveys were conducted over an area of 0.46 km?, with
average time intervals of 14 days between surveys (min 4 to max 22 days, see Table 1, with
variations driven by weather conditions or increased landslide activity requiring shorter
revisiting times).

Table 1. List of the 10 UAV surveys conducted in the period between 12 April and 7 August 2024.

UAV Surveys
Survey Date (DD MM YYYY) Time Interval (Days)
1 12 April 2024 -
2 29 April 2024 17
3 3 May 2024 4
4 10 May 2024 7
5 23 May 2024 13
6 30 May 2024 7
7 7 June 2024 8
8 27 June 2024 20
9 16 July 2024 19
10 7 August 2024 22

Flight parameters were kept consistent, following a pre-programmed flight plan to
ensure data repeatability (Table 2). Minimal adjustments to flight altitude and speed
were applied to account for environmental variations, such as temperature, wind, and
seasonal changes in vegetation cover. For instance, increased vegetation density during
summer requires a lower flight speed to enhance ground detection accuracy, while lower
temperatures in late winter and early spring require higher speeds to optimize battery
efficiency and flight endurance. These modifications, though limited, are necessary to
maintain data quality and survey consistency while ensuring operational safety under
varying environmental conditions [42].

Table 2. Summary of flight, LIDAR, and photo sampling parameters used for mapping operations.

Fight Parameters
Flight mode Planned Route
Mapping area 0.46 km?
Flight altitude 100-120 m
Altitude mode “Terrain follow”
Speed (m/s) 4-6m/s
LiDAR Parameters
Expected Point Cloud Density (avg.) 130-140 points /m?
Final Point Cloud Density (avg.) ~500 points/m?
LiDAR Side Overlap 30—-40%
Return mode (n° returns) 5

Photo Sampling Parameters

Photo Side Overlap 45%
Photo Forward Overlap 70%
Range of N° of photos per survey Min 175-Max 227

During surveys, the DJI D-RTK 2 antenna was positioned in a fixed benchmark using
a DJI D-RTK 2 Base Tripod Station, which ensured levelling and a constant height of the
RTK antenna thanks to the fixed-length rod. The benchmark consisted of a 20 mm iron bar
fixed with chemicals to the concrete raft foundation of the RTS pillar. The decision to use
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the DJI D-RTK 2 antenna rather than NRTK (Network Real Time Kinematics) services was
based on the fact that it brings significant benefits for the spatial alignment of successive
surveys, improving the repeatability (and thus the precision) of multitemporal comparisons.
Specifically, using the DJI D-RTK 2 antenna enabled us to enter fixed coordinates into the
RTK antenna in the DJI Terra software (Version 4.3.0; DJI Technology Co., Ltd.: Shenzhen,
China), an option that is not available when using NRTK services. In fact, with NRTK
services, the coordinates of the reference point (generated by integrating the multitemporal
surveys within a network of permanent stations) may change from one survey to another,
causing variations in the georeferencing of the DEMs.

The positional stability of the DJI D-RTK 2 benchmark and the RTS pillar over time
was verified in different ways, all of which indicate only a seasonal hysteresis in the range
of £2 cm (Figure 6). The first verification method involved repeating the static GNSS
survey of the benchmark and RTS pillar at the times of UAV surveys 1, 5, and 10. This
allowed referencing of the benchmark to the UTM coordinate system with the WGS84
datum, projected in zone 32N (EPSG:32632). Furthermore, since the RTS pillar and the DJI
D-RTK 2 benchmark share the same raft concrete foundation, the RTS coordinates over
time (calculated in the free-station mode) are a reliable proxy of the stability of these points.
A scatter plot and time series of easting and northing of the RTS coordinates calculated
in the RTS free-station surveys from May 2024 to July 2025 are presented in Figure 6a,b.
Both indicate that the RTS is stable with a seasonal hysteresis in the range of £2cm. Finally,
indirect evidence of the stability of the RTK reference point coordinates is provided by
the degree to which repeated measures produce the same result (i.e., precision) for man-
made structures located along the riverbed, outside the influence of landside movements
(Figure 6¢). Different UAV surveys indicate that their position is unchanged at the sub-pixel
scale (Figure 6d,e), demonstrating that DEMs are not affected by spatial drifts over time.

The DJI L2 sensor was set up for the simultaneous acquisition of both LiDAR data
and orthophotos (Table 2). All LiDAR and photographic acquisitions were performed
from a nadir position. Given the expected presence of vegetation, the LIDAR sensor was
configured to record in “penta-return mode” (i.e., five returns recorded, maximum available)
to improve ground detection. The overlap of the laser scanner acquisition was set between
30% and 40%, depending on survey needs.

Photographic acquisition, primarily for color sampling and point cloud coloring, was
intentionally oversampled, with 40% side overlap and 70-80% forward overlap, to ensure
the collection of a sufficient number of images to generate high-resolution orthomosaics as
a secondary product, processed separately from the LiDAR data.

The datasets acquired through UAV surveys, consisting of LiDAR point clouds with
an average density of 500 points/m? and an orthophoto archive containing a minimum of
175 images per survey, were processed using DJI Terra software (DJI Technology Co., Ltd.
Version 4.3.0, [43]). Point clouds were used to generate Digital Elevation Models (DEMs),
following the software’s optimized settings (Table 3). The processing workflow, based on
the analysis of spatial relationships such as angles and distances, distinguishes ground
points from non-ground elements and includes the filtering of vegetation and anthropic
elements to extract a clean terrain representation.

DJI Terra software enables the manual selection of the output Ground Sampling
Distance (GSD), ranging from a minimum of 5 cm/px. For this study, three different GSD
values were tested: 5 cm/px, 15 cm/px, and 25 cm/px. A comparative analysis (Figure 7)
revealed that low GSD values, particularly 5 cm/pXx, lead to increased fragmentation and
noise, especially in vegetated areas where LiDAR penetration is limited during late spring
and summer. The 25 cm/px resolution effectively minimizes these effects, preserving
a stable and continuous surface representation while maintaining sufficient detail for
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landslide analysis. Additionally, it provides an appropriate trade-off between filtering
out noise and preserving elevation accuracy, avoiding over-fragmentation while retaining
reliable vertical displacement data. The 25 cm/px resolution was selected as the optimal
trade-off between surface detail and noise reduction. The impact of this choice on the
accuracy of DoD calculation is beneficial, since the use of DEMs with lesser noise rules
out several artefacts from the DoD computation that are mostly located in critical areas
such as fracture zones in the source region (see Figure 7d—f). Also, the accuracy of DoD
calculations is mostly affected by the absolute vertical accuracy of surveys, related to RTK
corrections rather than pixel size, so that reducing the resolution does not necessarily affect
the accuracy of differential calculations.
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Figure 6. Verification of the stability of the RTS pillar and benchmark where the DJI D-RTK 2 mobile
station is periodically placed. (a) Hourly relative RTS coordinates calculated in free-station mode;
(b) Relative RTS coordinates time-series: easting (1), northing (2); (c) The red box contains the position
of man-made structures (zoomed in figure (d,e)) used as evidence of the precision of survey georef-
erencing; (d) Hillshade of man-made structures from LiDAR data on 12 April 2024; (e) Hillshade of
man-made structures from LiDAR data on 7 August 2024. Reference system: WGS84 UTM Zone 32N
(EPSG:32632).
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Figure 7. Comparison of DEMs (visualized as hillshades) and DoDs at different resolutions.
(a) 5 cm/px DEM (3 May 2024); (b) 15 cm/px DEM (3 May 2024); (c) 25 cm/px DEM (3 May 2024);
(d) DoD at 5 cm/px (29 April 2024 to 3 May 2024); (e) DoD at 15 cm/px (29 April 2024 to v May
2024); (f) DoD at 5 cm/px (29 April 2024 to 3 May 2024). Base map for (d—f): hillshade of 3 May 2024.
Reference system: WGS84 UTM Zone 32N (EPSG:32632).
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Table 3. DJI Terra setting parameters for point cloud and orthomosaic processing.

Point Cloud Processing: DJI Terra Setting Parameters

Point Cloud Density selection By percentage (100%)
Ground Type “Gentle Slope”
Building max diagonal 20 m
Iteration angle 6°
Iteration distance 0.5m
DEM output resolution (GSD) 25 cm/px
Orthomosaic Processing: DJI Terra Setting Parameters
Resolution (High-Medium-Low) High
Computation method Standalone Computation
Light Uniformity If necessary
Ground Samphrzi‘]?gl)stance: Min-Max 2.95-432 (3.23) cm /px

The UAV photographic dataset was processed separately using DJI Terra software
(Table 3). Orthomosaics with a final Ground Sampling Distance (GSD) ranging from 2.95 to
4.32 cm/px (average 3.23 cm/px) have been produced and used to track HP points. Such a
narrow range of variation in resolution has no substantial impact on the identification over
time of HPs’ positions. All products were compared in a GIS environment [44], confirming
a consistent planimetric alignment across all UAV surveys and vertical discrepancies—
assessed over assumed stable areas—consistently below 10 cm.

3.3. Slope Movements Assessment
3.3.1. Horizontal and Vertical Displacement Assessment with Homologous Point Tracking

DEMs and orthomosaics derived from UAV surveys have been used to assess displace-
ment through the homologous point tracking method. HPT is a displacement measurement
technique based on the manual identification and tracking of natural surface elements
that remain clearly identifiable across consecutive surveys. These elements, referred to
in this study as Homologous Points (HPs), are natural objects or morphological features
already present on the slope—such as isolated rocks, vegetation clusters, or soil patches—
that can be recognized over time and are assumed to be physically integrated with the
terrain surface. Under this assumption, HPs are considered kinematically coherent with
the surrounding ground, and their displacement is interpreted as representative of local
surface movement.

In this study, a total of 22 HPs were selected through the observation of UAV-derived
orthomosaics. A first subset, consisting of 18 HPs, was deliberately selected in proximity
to the MPs to enable a direct comparison between the two techniques. This enables the
validation of UAV-based displacement measurements by assessing their consistency with
RTS-derived data. A second subset, consisting of four additional HPs, is selected in
locations not related to MPs’ positions. Given the specific conditions of this case study,
where the RTS position does not allow monitoring of a certain sector of the landslide, these
HPs are placed in areas of the landslide not covered by RTS monitoring, in order to include
otherwise unmonitored parts of the landslide (Figure 8).

The objects and terrain features selected as HPs include boulders and rock blocks of
various sizes and shapes, soil patches and clumps that maintain a recognizable form during
movement, and vegetative elements such as shrubs, small bushes, tree trunks, and large
branches. The selection aims to maximize tracking reliability by choosing objects that remained
stable and identifiable over time. Figure 9 illustrates some representative examples.
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Figure 8. Landslide map showing the initial positions of the analyzed HPs, including those associated
with an MP (subset 1, red triangles) and those located in areas not visible from the RTS (subset 2). For
subset 1, MP positions are also shown as white dots. Base map, UAV survey, 12 April 2024. Reference
system: WGS84 UTM Zone 32N (EPSG:32632).
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Figure 9. Examples of HPs identified on the orthophotos. Red dashed boxes indicate the tracked
object; white dots show the selected fixed point as a reference for tracking. (a) HP0S8, (b) HPO05,
(c) HP19, (d) HP03, (e) HPO3h, (f) HP04h.

Details for each HP, including object type, dimensions, and distance to the correspond-
ing MP, are provided in Table 4. The recorded dimensions represent the most relevant
dimension for tracking purposes, depending on the type and geometry of the object. For
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rock elements, either the maximum length or diameter was measured, based on whether
the reference point was set on an edge or at the centroid. For vegetative elements such as
bushes and branches, the canopy or stem diameter was recorded, as it defines their visible
footprint. For soil patches and turf clumps, the widest dimension was used, since it best

represents their overall extent and interaction with the surrounding flow.

Table 4. HPs’ main characteristics, dimensions, and functions.

Distance from the

HP Subset Object Sllz)i;l{e«;f:ir(;err:)ce Tra;l:sr;tgi;’:l)mt Corresponding MP
(12 April 2024)
HPO1 1 Rock block 0.47 m (max. diameter) Centroid 5.61 m
HP02 1 Shrub 0.45 m (diameter) Centroid 394 m
HP03 1 Shrub/ 1.65 m (diameter) Centroid 292m
little tree
HP04 1 Shrub 1.19 m (diameter) Centroid 1539 m
HPO05 1 Shrub 0.54 m (diameter) Centroid 2.81m
HP06 1 Downed branch 0.13 m (branch diameter) Fixed branch end 9.74 m
HP07 1 Rock block 0.49 m (max. length) Fixed rock edge 8.40 m
HPO08 1 Downed trunk 0.30 m (trunk diameter) Fixed trunk end 20.45 m
HP09 1 Downed tree body 0.34 g‘ (main trunk Main trunk end 11.22 m
iameter)
HP12 1 Rock block 0.80 m (max. length) Centroid 1.07 m
HP14 1 Rock block 0.24 m (diameter) Centroid 092 m
HP15 1 Bare ground patch/rock block 0.20 m (max. length) Centroid 3.09m
HP15bis 1 Shrub/grass clump 0.28 m (max. length) Centroid 215m
HP16 1 Rock block 0.83 m (max. length) Fixed rock edge 1210 m
HP17 1 Rock block 0.70 (diameter) Centroid 11.73 m
HP18 1 Shrub 0.97 m (diameter) Centroid 12.13 m
HP19 1 Ground patch 0.58 m (width) Fixed edge 3.82m
HP20 1 Shrub 0.75 m (diameter) Centroid 0.59 m
HPO1h 2 Shrub 0. 51 m (diameter) Centroid -
HP02h 2 Rock block 0.44 m (diagonal) Centroid -
HPO03h 2 Downed branch 0.19 m (branch diameter) Fixed branch end -
HP04h 2 Rock block 0.67 m (diagonal) Centroid -

Horizontal displacement was assessed by visually tracking the planar position of each
HP across the orthomosaics sequence. The tracking was carried out sequentially, starting
from the first acquisition and continuing through all subsequent surveys. For each HP,
updated positions were recorded at every step, and horizontal displacement was calculated
by measuring the planar distance between successive HP positions (Figure 10a,b). To ensure
reliable tracking, the selection of HPs follows the fundamental criterion of visual continuity:
objects or terrain features must remain identifiable throughout the UAV survey sequence,
allowing consistent displacement measurements over time. Minor temporary interruptions
in tracking are tolerated only if the point can be reliably relocated and no better alternative is
available. Furthermore, for HPs selected to validate UAV-based monitoring, two additional
criteria were considered: their proximity to MPs, to facilitate direct spatial comparison, and
their location within the same kinematic sector of the landslide, to ensure that HPs and
corresponding MPs are subject to similar displacement patterns.

Vertical displacement is derived by associating the HP with the elevation at its updated
position by using sequential 25 cm/px DEMs. This procedure was repeated for each
acquisition, generating a time series of elevation values for each HP. Vertical displacement
was computed by extracting elevation values at the updated HP positions from each DEM
in the sequence, and calculating their variation over time. This approach allows for a
progressive reconstruction of surface elevation changes throughout the monitoring period
(Figure 10c). The vertical analysis was therefore conducted directly on DEMs but strictly
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relies on horizontal HPT to ensure spatial and temporal coherence across the dataset. This
guarantees that elevation changes reflect real vertical displacement rather than independent
terrain variations.

o

o

e —— )
; 5 o AR

Figure 10. Example of HPT applied to HP01 over the time interval from 12 April 2024 to 7 August
2024. (a) HPO1 location. (b) Horizontal displacement derived from multi-temporal orthomosaics.
(c) Vertical displacement derived from DEMs. Yellow arrows indicate the displacement direction
across dates. Base map: UAV survey, 12 April 2024. Reference system: WGS84 UTM Zone 32N

(EPSG:32632).
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3.3.2. Analysis of Depletion and Accumulation Using Multi-Temporal DoD

DEM of Difference (DoD) analysis was used to assess depletion and accumulation pro-
cesses over time by comparing sequential DEMs. The DoD was computed by subtracting,
for each pixel, the elevation values of a DEM acquired at an earlier time from those of a
DEM obtained at a later time. Specifically, negative values indicate depletion, correspond-
ing to material displacement or removal, whereas positive values indicate accumulation,
representing areas where material has been deposited.

In this study, DoD analysis leveraged 25 cm/px DEMs and was performed using multiple
temporal intervals. In particular, three temporal sampling strategies were adopted: (i) a
consecutive approach, computing DoDs between each UAV survey and the next; (ii) an
alternating approach, comparing non-consecutive surveys to evaluate broader time spans;
and (iii) a full-period approach, comparing the first and last DEMs of the monitoring period.
The adopted temporal sampling intervals are shown in Figure 11. Rather than treating each
DoD as a stand-alone product, the whole sequence of DoD maps was interpreted to track the
spatial evolution of depletion and accumulation patterns throughout the monitoring period.

VA XX X x X X x x x
—
Surveys | I | | | | | | |
Full-period
DoD analysis
Alternating
DoD analysis
Consecutive
DoD analysis
Z Q) © O Q A ™ N QA ™ N > ) % Q) © 2 3
Qb(\ QN\ Qb;l/ 069 Qb'\ Q@'\ goﬂ’ ga:b Q@Q Q%'\ Qbﬂ’ Qbﬁ' 6\9 6\:\ Q,\,'\ Q,\flz Q%D Q%,Q
U220 AR SN SR S, SR, SR SRR SE.) SR, SR N S S SR, o
DS S S S S S S S S S S D S S S S

Figure 11. Temporal sampling schemes used for DoD analysis over the April-August 2024 monitoring
period. Each row represents a different temporal strategy, with bars indicating the time intervals
used to generate DoD maps.

4. Results
4.1. Spatial Synopsis of HPT and RTS Monitoring Results

Maps showing cumulative planar displacements derived by HPT and RTS monitoring
from 12 April to 7 August 2024 are presented in Figure 12. A total of 13 HPs exhibit
displacements exceeding 0.5 m, consistently identifying the most active sectors, while the
remaining HPs were located in relatively more stable sectors of the landslide. This reveals
a marked kinematic heterogeneity within the landslide body. The most active sectors
correspond to the mid and lower portions of the earthflow track zone, where several HPs
show the highest cumulative displacements. At the same time, more limited displacements
were recorded in the source area.

4.1.1. Time Series of HPT and RTS Horizontal Displacements

The comparison between the time series of HPT and RTS horizontal displacements is
presented in Figure 13.
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Figure 12. MPs (a) and HPs (b) classified based on cumulated displacement over the monitoring
period. The size of the triangles (MPs and HPs from subset 1) and circles (HPs from subset 2)
varies proportionally with the magnitude of total displacement. Base map: UAV LiDAR survey,
7 August 2024. Reference system: WGS84 UTM Zone 32N (EPSG:32632).
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Figure 13. Time series of cumulative horizontal displacements recorded by RTS and HPT for selected
HPs and their associated MPs. Solid lines represent RTS data, while colored markers indicate HPT
measurements. (a) MPs and corresponding HPs (subset 1); (b) stand-alone HPs (subset 2). UAV
survey dates are marked along the timeline; (c) daily and cumulated rainfall.
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For HPs located near RTS-monitored prisms (subset 1, Figure 13a), the MPOS-HP08
pair exhibits the highest measured displacement, with RTS values reaching up to 40 m
and HPT values slightly lower (~30 m). While initial displacements are overestimated by
HPT, a progressive underestimation occurs later in the monitoring period, resulting in a
final discrepancy of approximately 6 m. The reason for the large discrepancy between
MP08 and HPOS is that they are located in a very active portion of the landslide, and they
are not sufficiently close to one another. Consequently, they are progressively affected by
different movement rates as the landslide evolves to a total cumulative displacement of
approximately 40 m.

Conversely, the MP09-HP09 pair exhibits excellent agreement between the two tech-
niques, with cumulative displacements ranging from 20 to 25 m and a consistent trend
throughout the monitoring period. Similarly, a good fit is observed for the MP06-HP06
and MP07-HP07 pairs, with displacements ranging from 15 to 20 m. MP06-HP06 shows
nearly identical displacement values across both methods, while MP07-HP07 exhibits a
minor overestimation in HPT results, limited to 1-2 m. The MP01-HPO01 pair, located in
the lower track zone, displays a cumulative displacement of approximately 10 m with an
almost perfect match between methods. In the source area and the upper unstable sector
near the landslide toe, smaller displacements are recorded. For instance, MP12-HP12 and
MP14-HP14 report movements below 5 m, with a strong agreement between RTS and HPT.
Similar displacement magnitudes and matching trends are also observed for MP19-HP19
and MP20-HP20, both of which are located in the active portion of the unstable zone
upstream of the toe.

For HPs not located close to RTS (subset 2, Figure 13b), HP02h and HP03h exhibit
comparable displacement trends, characterized by steady and continuous movement
throughout the monitoring period, with cumulative values ranging from 5 to 10 m. HPO1h
and HP04h follow similar trajectories, although HP04h shows an earlier acceleration
phase, whereas HPO1h reaches slightly higher final displacement values. By the end of
the observation period, HPOlh approaches 20 m, while HP04h ranges from 15 to 18 m.
Although no RTS data are available for this sector, the recorded trajectories confirm ongoing
material displacement within this portion of the landslide body.

During the monitoring period, the landslide site experienced a total cumulated rainfall
of 396 mm, related to a dozen rainfall events, lasting from one to four days, reaching a
maximum intensity of 120 mm/day (Figure 13c). The relationships between movement
patterns and rainfall are presented in the discussion section.

4.1.2. Time Series of HPT and RTS Vertical Displacements

A comparison between the time series of HPT and RTS horizontal displacements is
presented in Figure 14. The vertical displacement patterns reflect the typical behavior of
an earthflow, with a general lowering of points along the downslope direction. Elevation
loss is consistent with the local topography and the magnitude of horizontal displacement.
For HPs located near RTS-monitored prisms (subset 1, Figure 14a), the MPO8-HP08 pair
exhibits the highest vertical displacement, with HPT values exceeding 11 m and RTS
surpassing 14 m. The temporal trends are similar, although HPT overestimates movement
in the initial phase and progressively underestimates it after late June. HPT data follow
a near-linear progression, while RTS captures a clear acceleration phase between 21 and
28 June. The MP07-HP07 pair records approximately 8 m of vertical displacement via HPT,
with RTS data (available until 18 July), showing an almost identical evolution. MP09-HP09
also shows strong agreement, with HPT slightly underestimating total displacement. A
similar pattern is observed in MP06-HP06, where RTS measures around 3 m and HPT
remains below 2 m. The MP01-HP01 pair exhibits a vertical displacement of approximately
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2 m, with consistent alignment between both methods throughout the monitoring period.
The remaining Subset 1 points (HP12, HP14, HP19, HP20) show displacements equal to
or below 2 m. All exhibit coherent trends across methods. In particular, HP12 displays a
marked acceleration between 27 June and 16 July, coinciding with the interruption of RTS
data at MP12 on 2 June.
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Figure 14. Time series of cumulative vertical displacements recorded by RTS and HPT for selected
HPs and their associated MPs. Solid lines represent RTS data, while colored markers indicate HPT
measurements. (a) MPs and corresponding HPs (subset 1); (b) stand-alone HPs (subset 2). UAV
survey dates are marked along the timeline; (c) daily and cumulated rainfall.

For HPs not located close to RTS (subset 2, Figure 14b), the vertical trends are similar
to those observed in the horizontal component. HP02h and HP03h follow nearly identical
trajectories, each reaching about 1 m of displacement. HP01h and HP04h experience larger
vertical displacements, ranging from 3 to 6 m. A clear acceleration phase is observed
between late April and early May, first in HP04h and subsequently in HPO1h, which
ultimately records the highest values within the group.
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a)

HPT horizontal displacement [m]

These movements occurred in response to the rainfall pattern presented in Figure 14c
(same as Figure 13c).

4.1.3. Correlation Between HPT and RTS Displacement Data

The correlation between HPT and RTS displacement data validates the UAV-derived
results. Results are presented in Figures 15 and 16, which, respectively, refer to a point-by-
point comparison of horizontal and vertical displacements accumulated between 12 April
and 7 August 2024. In both cases, panel (a) displays a scatterplot of RTS versus HPT
measurements, while panel (b) shows the relative error as a function of RTS-derived
displacement. Notably, both the planar and the vertical components indicate the tendency
of HPT to underestimate displacement compared to RTS.
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Figure 15. Comparison between horizontal displacement data from RTS and HPT. (a) Scatterplot
showing direct comparison of cumulative displacements. The red dashed line represents the trend
(regression), while the grey line indicates the 1:1 reference. (b) Relative error of HPT measurements
with respect to RTS values. The red curve shows the best-fit power law; yellow and orange dashed
lines represent 25% and 50% error thresholds, corresponding to 0.99 m and 0.38 m, respectively.

For the horizontal displacement, the linear fit exhibits a slope of 0.94, and an R?
value of 0.98 confirms a strong alignment between the datasets (Figure 15a). The vertical
displacement comparison also shows good agreement, with a slope of 0.88 and an R? of
0.94 (Figure 16a). The relative error distribution exhibits a power-law trend with a rather
good fit for planar displacements (R? = 0.95) (Figure 15b), and a much poorer fit for vertical
displacements (R? = 0.06) (Figure 16b). On this basis, in the planimetric component, a
25% relative error corresponds to 0.99 m and a 50% relative error corresponds to 0.38 m.
Due to the poor fit, it is not possible to provide a robust estimate of the displacements
associated with the same relative percentages for the vertical component. Notably, in our
case study, almost all of the calculated HPs planar displacements between subsequent
surveys are higher than the values associated with a 50% relative error, which can be
considered an acceptability threshold. On this basis, the precision of the method can be
considered appropriate for planar displacements larger than 40 cm between subsequent
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surveys. This indicates that the adopted approach might not be suitable for landslides
exhibiting displacement rates lower than those characterizing our landslide.

a) | % b) 200
8o
'\:o
NC-]
-2 e 100
. o 600 y = 19.076x°%"
. L " I R? = 0.0574
4 S 75
£ N 500 .
E IA\N z . B0
2 5 400 . et
o “ ] i 5 2
2 8 N 2 .
o N = 8 o o T e e
o " y = 0.8793x E 300 P 0 2 ° o °
8 o[ 0= No RP=00383 | o 025 5 10 15
£ -10 Y = [m]
g 09\\\0 ° \\
= ‘LJ”:\ A e 200
& -12|g A A
-14 N 100 fo
-2 d
0 '2 l{ o‘ ry 8 e ]
-16 [m) (] G B Se— . -
o =2 -4 6 -8 -10 -12 -14 -16 0.25 5 10 15

RTS vertical displacement [m]

RTS vertical displacement [|m|]

Figure 16. Comparison of vertical displacement data from RTS and HPT. (a) Scatterplot showing
direct comparison of cumulative vertical displacements. The red dashed line indicates the regression
trend, while the grey line represents the 1:1 reference. (b) Relative error of HPT measurements with
respect to RTS values. The red curve shows the best-fit power law; yellow and orange dashed lines
represent 25% and 50% error thresholds. Due to the poor fit, these percentages cannot be used to
estimate associated vertical displacement values.

The correlation between RTS and HPT displacement data confirms a high level of overall
agreement in both horizontal and vertical components. The correlation values obtained are
extremely high, with minimal divergence between the two methods across most monitored
HP-MP pairs. These results highlight the capacity of HPT to reproduce displacement trends
consistent with those obtained through high-precision ground-based measurements. However,
a few discrepancies between RTS and HPT can be observed, which are due to different reasons.
First, although HPs are selected to ensure maximum comparability with the RTS prisms, it
must be noted that measurements are related to physically distinct objects. RTS tracks optical
prisms mounted on rigid supports elevated from the ground, while HPT follows natural
surface features that, although carefully chosen to correspond spatially, remain separate
from the MPs. In a deforming system such as an earthflow, characterized by plastic and
heterogeneous movement over time, even minimal spatial offsets can lead to measurable
differences in displacement magnitude. An additional element to consider is that MPs are
installed on 1.8 m long iron bars driven into the ground to a depth of 1 m. Therefore, their
tilting, caused by landslide movements, might result in over- or underestimates of RTS
displacements in the range of cm to dm. Conversely, HPT tracks surface-integrated elements
that may respond differently due to local constraints or resistances (e.g., roughness or minor
surface anchoring). While such effects may appear negligible, over the whole monitoring
period, they can result in differences of several centimeters.

Given these factors, the point-based measurement of displacement in a system as
complex as an earthflow, which moves several centimeters to meters, inherently involves
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sources of uncertainty. In the context of active earthflows moving up to moderate rates,
achieving sub-centimeter precision is neither a realistic nor (probably) a necessary objective.
However, it might be a necessity in other case studies characterized by much slower
movements, which consequently require different survey approaches and the adoption of
ground control points. What emerges as most relevant in this study is the ability to detect
consistent displacement patterns. In all monitored sectors, the drone-derived HPT approach
reproduced the same trends in displacement magnitude and temporal progression as those
captured by the RTS system, with excellent agreement.

4.2. Results of DoD Analysis

The results of the DoDs refer to different temporal intervals (i.e.,: Full period, Alternat-
ing, Consecutive; see Figure 11 in the methods section for adopted temporal intervals). This
allowed us to examine the spatial distribution of topographic changes and their evolution
over the entire monitoring period as well as during it.

The results of Full period DoD (i.e., from 12 April to 7 August 2024) are shown in
Figure 17a. A conservative threshold of +15 cm is applied to exclude minor elevation
differences within the expected vertical accuracy of the DEMs, thus reducing the influence
of noise and registration error. In the toe area (Figure 17b), a broad accumulation zone can be
seen, indicating elevation gain during the monitoring period. In the source area (Figure 17c),
two distinct depletion areas are visible, particularly in the southern part. Outside the main
landslide body, additional features are also present: the Panaro riverbed shows a general
depletion pattern, with a small accumulation zone just downstream of the toe. Localized
patches of accumulation are also visible along the left side of the track zone, likely caused
by vegetation growth reducing the LiDAR sensor’s ground penetration over time.

A compilation of all four alternating DoD and nine consecutive DoD maps is presented
in Appendix A. Alternating DoDs revealed activity phases over larger portions of the
landslide, especially between late April and mid-May in the source area, and again between
late June and early July in the track zone. Also, consecutive DoDs show that the most
intense depletion event, located in the source area’s southern sector, occurred between 12
and 29 April 2024 and continued downslope between 29 April and 3 May 2024.

The DoD analysis provides insight into surface processes that may be difficult to
capture with point-based techniques like RTS and HPT. Several intense elevation changes—
such as those observed near HPs 12 and 14—are not recorded by the displacement data
at those points. This is likely due to the localized nature of the reactivations, which may
occur just a few meters away from the monitored targets. Furthermore, these reactivations
often take the form of shallow slides or local mudflows, which may significantly change the
surface morphology. In such cases, HPs may become unrecognizable, and MPs—mounted
onrigid supports—can tilt or move, affecting their reliability. Furthermore, surface obstacles
or local resistances may reduce the movement of natural features tracked by HPT, creating
small but significant differences over time.

The spatial coverage offered by DoD maps is especially valuable in this context. Unlike
RTS and HPT, which provide data from a limited number of points, the DoD method
covers the entire surface. This makes it possible to detect activity that would otherwise
remain unnoticed. Although DoD products do not measure displacement directly—since
they represent elevation change at fixed positions—they still offer important insights into
movement patterns when analyzed as a time series.
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Figure 17. DoD cumulative map between 12 April and 7 August 2024, highlighting areas of accumu-
lation (blue) and depletion (red) along the landslide. (a) Overview of the main earthflow body and
surrounding minor instabilities; (b,c) zoomed views of the toe and source areas, respectively. Active
MPs are represented by white dots.

5. Discussion
5.1. Insight on Earth-Flow Dynamics

The use of multitemporal HPT, DoD, and RTS data methods makes it possible to
analyze the deformation behavior of the landslide with respect to rainfall and processes
related to the downslope propagation of landslide deposits, which in earthflows typically
determines progressive acceleration of movements that is commonly related to undrained
loading mechanisms [45].

With respect to rainfall-movement relationships, high-frequency RTS displacement
time series make it possible to carry out statistically based analysis. In this study, MPs with
continuous data records were selected, specifically MP01, MP06, MP07, MP08, and MP09
(all located in the track zone). A normalized cross-correlation analysis was performed
between rainfall and acceleration/velocity time series to investigate potential temporal
relationships and response patterns. Results indicate that all the selected MPs tend to
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accelerate on the same day as rainfall peaks (Figure 18a), while they reach their maximum
velocity 2-3 days later (Figure 18b), and tend to decelerate immediately after the rainfall
event (see the negative correlation values in Figure 18a). The magnitude of acceleration
and maximum velocity shows a linear correlation with the cumulated rainfall over dif-
ferent time windows. As an example, Figure 18c shows the linear correlation of MP07
acceleration values with respect to 1-day cumulated rainfall, while Figure 18d shows the
linear correlation of MP07 velocity with respect to 3-day cumulated rainfall. The 1-day
cumulated rainfall for acceleration and the 3-day cumulated rainfall for velocity are the
time windows associated with the maximum Pearson correlation coefficient “r” for all the
analyzed MPs (see Figure 18e,f). For instance, the “r” coefficient for MP acceleration and
1-day cumulated rainfall reaches values indicating a moderate to strong positive correlation,
pointing to an almost immediate response of the landslide to rainfall events, confirming
the previous normalized cross-correlation analysis. On the other hand, the “r” correlation
coefficient for MP velocity and 3-day cumulated rainfall reaches values typical of a strong
and positive correlation, pointing to a strong influence of rainfall cumulated over a few
days in determining the significant displacement of the landslide masses. This behavior is
consistent with the dynamics typically observed in the track zone of an earthflow, where
the mobilized material is confined within well-defined boundaries and exhibits a high
sensitivity to rainfall as the primary triggering factor.

With respect to the distribution of movements along the slope, the RTS and HPT
offer detailed temporal tracking at distinct points, whereas the DoD reveals depletion and
accumulation processes throughout the landslide. In the source area, DoD analysis reveals
localized depletion zones, especially in the southern portion, indicating the occurrence
of local slides and mudflow-like reactivations. At the same time, HPT/RTS data show
displacement velocities that are generally below 1 m/month (i.e., 0.04-0.06 m/day recorded
by MP12 and MP14 even during the acceleration event of 24 June 2024), alternated to
sudden accelerations, that determining retrogression of the main scarp and the loss of
MPs (so that the maximum velocity cannot be computed). In this sector, DoD maps also
provide evidence of the role of retrogressive processes as drivers of the rapid downslope
propagation of earthflows that, in turn, tend to destabilize track zone deposits. In the
track zone, sequential DoDs evidence the alternation of depletion and accumulation phases
observed. This evidences a wave-like propagation mechanism with pulses of movement,
initiated by episodic releases from the source area, coupled with the remobilization of
material downslope, with a visible pattern of erosion and deposition advancing over time.
The HPT and RTS measurements reveal the variability of displacement rates, with the most
active sector located in the upper and central track zones, with recorded displacements
up to 5 m/month (with peaks of 0.8-1.1 m/day recorded by MP08 and MP09 during the
acceleration event of 24 June 2024), which is characterized by steeper slopes and continuous
flow-like behavior. In the lower track, velocities are reduced to 2.5-3.5 m/month, due
to gentler terrain and material accumulation (with peaks of 0.4-0.6 m/day recorded by
MP06 and MP07 during the acceleration event of 24 June 2024). In the toe zone, the DoD
analysis highlights a progressive advancement of the landslide tip into the riverbed. This
interaction appears to influence sediment dynamics in the track zone, as indicated by a
confined accumulation zone immediately downstream of the toe. MPs and HPs velocities
range from 1.5 to 2.5 m/month (with peaks of 0.20 m/day recorded by M01 during the
acceleration event of 24 June 2024) and were higher in the central part of the fan-shaped
deposit than at the flanks, part of which remained stable.
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Figure 18. Statistical analysis assessing selected MPs’ responses to rainfalls. (a) Cross-correlation
between acceleration and daily rainfall time-series; (b) Cross-correlation between velocity and daily
rainfall time-series; (c) Acceleration of MP07 vs. 1-day cumulated rainfall; (d) Velocity of MP07 vs.
3-day cumulated rainfall; (e) Pearson correlation coefficient for acceleration vs. 1- to 8-day cumulated
rainfall; (f) Pearson correlation coefficient for velocity vs. 1- to 8-day cumulated rainfall.

Overall, the interpretation emerging from the integrated dataset describes a complex
deformation behaviour, with earth masses propagating from the source area down to
the track and, finally, the toe zone responding as a whole to the rainfall trigger. As the
earthflow moves downslope, the ongoing disaggregation and internal reworking lead to a
more homogeneous flow, which evolves into a typical earthflow already in the upper part
of the track zone. This transition reflects both the mechanical adaptation of the moving
mass and the slope dynamics’ influence on slope geometry and confinement.

5.2. Operational and Technical Issues

Altogether, HPT and DoD provide a detailed and complementary dataset: while HPT
offers precise displacement data on selected targets, DoD extends the spatial perspective,
enabling a more complete understanding of the landslide’s dynamics.

The HPT has demonstrated high accuracy and operational flexibility. This method
shows strong agreement with RTS in both displacement magnitude and velocity trends,
confirming its reliability under real conditions. Its visual and non-contact nature makes it
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especially suitable for unsafe areas, and it can be applied freely across the UAV survey area
without requiring physical installation. This operational simplicity gives HPT a practical
advantage over RTS, which involves more demanding deployment and maintenance. It is
also worthwhile to point out that, in our specific case, the impact of the RTS interruption on
trend analysis and validation of HPT results was negligible, since the HPs did not show any
significant acceleration of the landslide during the RTS interruption period. Furthermore,
filling the RTS data gaps by using displacement interpolation from adjacent HPT points
would cause more problems than benefits, as the time series of RTS used to validate HP
tracking would, in that case, include data on the HPs themselves.

However, some limitations emerged during the study. The first is the need for visual
continuity of homologous points between surveys, which may be compromised in rapidly
changing or highly disturbed environments. HPT is therefore best suited to landslide types
that preserve recognizable surface features between acquisitions, such as earthflows or
rockslides, and is generally not applicable to processes like debris or mudflows, where
material is fully reworked. Another limitation is the temporal resolution. While HPT can
be repeated as often as needed, it cannot provide continuous data like RTS. As observed in
the time series, this results in a smoothing of short-term accelerations and peaks occurring
between acquisitions. Still, this effect can be reduced by adjusting the frequency of UAV
surveys in more active conditions.

DoD analysis has proven to be particularly valuable for assessing the spatial com-
plexity of landslide movement patterns. Its broad coverage enables the identification of
reactivations and morphological changes that do not affect the monitored points, filling a
key gap in point-based techniques. While DoDs do not represent true displacement—since
they measure elevation change at fixed positions—they remain essential for interpreting
slope behaviour in terms of depletion and accumulation.

5.3. Transferability of Methods and Broader Applications

The transferability of the adopted methods is very high for landslides characterized
by significant displacement rates. UAV-based monitoring, particularly when supported by
RTK positioning and LiDAR-derived topography, can be applied effectively to a wide range
of landslides involving surface-preserving mass movements. The method is well-suited to
processes ranging from extremely slow to rapid, as long as the surface morphology remains
identifiable between surveys. Both the size and velocity of the landslide can be managed
through the appropriate adjustment of survey frequency. Faster movements require denser
temporal sampling, while spatial coverage can be optimized by selecting strategic sectors,
depending on logistical constraints. Broader coverage increases the completeness and
reliability of the overall interpretation.

The results of this study highlight the potential for using UAV monitoring in combi-
nation with other remote sensing or ground-based methods, as well as in a stand-alone
system. The integration of UAV-LiDAR data with complementary satellite-based remote
sensing techniques, such as radar interferometry or multispectral imagery analysis, can in
principle deliver several benefits, such as improved kinematic interpretation, subdivision
of landslide components into distinct kinematic zones, higher temporal seeding (e.g., filling
gaps between UAV campaigns), and retrieval of multispectral indices (e.g., NDVI) to infer
hydrological or vegetation-related instability precursors [46-50]. However, using these
techniques on active earthflows moving at rates of several meters per week, such as the Bal-
diola case study, also has a significant number of limitations. For instance, multitemporal
SAR interferometry returns too limited a number of scatterers inside the landslide area, and
it is bound to largely underestimate displacement rates (as it is well known, it is suitable
for phenomena moving cm/yr, and not m/day). For instance, the EGMS dataset 2019-
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2023 in our landslide area (https://egms.land.copernicus.eu/, accessed on 27 July 2025,
see WGS84 44.3114N; 10.9276E) includes only a dozen scatterer points in the ascending
and descending calibrated datasets combined, whose average velocities are very low and
thus unrepresentative of the displacements in the landslide. No significant improvement
is expected to arise from the application of site-specific distributed scatterer analysis or
interferogram stacking techniques, since movement rates up to several meters in between
two subsequent Sentinel-1 acquisitions are bound to determine a complete decorrelation
of signals in a large part of the landslide. Also, the adoption of multispectral datasets to
compute NDVI-changes is not expected to bring any significant added value to quantifying
movement rates, as a large part of the source, track, and toe zones of the Baldiola earthflow
have been substantially vegetation-free throughout the monitoring period, and the limited
changes in vegetation cover observed due to retrogression of the crown could hardly be
appreciated, for instance, with the 10 m pixel size of Sentinel-2 data.

For these reasons, data obtained using drone-based techniques (in this case, HPT and
DoD analysis) coupled with RTS monitoring provide significant added value to monitoring
of this kind of active earthflow phenomenon. This is because the displacement rates
assessment proved sufficiently accurate and comprehensive to support both quantitative
displacement analysis and qualitative interpretation of slope processes. In this context, the
relevance of visual tracking approaches such as homologous point tracking (HPT) becomes
particularly evident. While it may appear to be more manual and time-consuming than
automated image correlation techniques, HPT offers a simple and effective solution that can
significantly enhance the autonomy of UAV-based monitoring. Techniques such as digital
image correlation or feature-based matching often require ground validation through RTS,
GNSS, or similar systems. In contrast, HPT can serve as a direct, internally validated
tracking method using only the UAV dataset. This opens up the possibility of achieving
reliable displacement measurements without additional instrumentation, reinforcing the
role of UAV photogrammetry as a comprehensive monitoring tool.

6. Conclusions

This study explores and demonstrates the effectiveness of UAV-based monitoring in
assessing the kinematics of an active earthflow through the combined use of HPT and DoD
methods. HPT, validated with RTS data, produces precise and coherent displacement trends
across multiple sectors of the landslide. At the same time, DoD analysis provides essential
information on the spatial distribution and timing of surface changes, especially in areas not
covered with point-based measurements. Together, the two methods prove highly comple-
mentary, offering both point-based accuracy and spatially distributed interpretability.

The results obtained with UAV data support a detailed interpretation of the landslide’s
internal dynamics, including local differences in movement patterns, retrogressive activity
in the source area, and a pulsed propagation along the track zone. The consistency between
HPT and RTS results, combined with the insights provided by DoD analysis, highlights
the potential of UAV monitoring not only as a support tool but as a stand-alone system for
landslide monitoring and assessment.

Beyond the technical performance, results prove the reliability of UAV-derived dis-
placement data in real monitoring conditions. HPT is a practical alternative to external
ground validation, as it enables internal consistency checks within the photogrammetric
dataset. This approach could contribute to reducing the dependence on ground-based in-
struments for validating image-based tracking techniques such as digital image correlation
and represents a viable path toward more autonomous UAV-based monitoring.

Future developments include the automation of displacement tracking through DIC
algorithms validated via HPT, as well as a more systematic integration of rainfall data to
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better understand the triggering conditions and temporal evolution of the process. The
approach presented here may also be extended to other types of slow-to-rapid landslides
where surface morphology remains trackable over time.

In addition to its applicability and accuracy, UAV-based monitoring also offers a prac-
tical advantage in terms of operational flexibility. Once the quality of the photogrammetric
data is established, the method can be applied even under suboptimal conditions or with
limited field access. Its practical setup and the adaptability to different survey frequencies
make it suitable not only for scientific investigation but also for high-frequency monitoring
during critical phases of slope activity or in early emergency response.

The high temporal resolution adopted in this study demonstrates that UAV data ac-
quisition can be tailored to the required pace of observation, supporting timely assessments
in moderate to rapid landslide scenarios.
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The following abbreviations are used in this manuscript:

DEM Digital Elevation Model

DIC Digital Image Correlation
DoD DEM of Difference

DSM Digital Surface Model

GCP Ground Control Point

GNSS Global Navigation Satellite System
GSD Ground Sampling Distance
HP Homologous Point

HPT Homologous Point Tracking
LiDAR Light Detection and Ranging
MP Monitoring Prism

RTK Real-Time Kinematic

NRTK  Network Real-Time Kinematic
RTS Robotic Total Station

SIM Structure for Motion

UAV Uncrewed Aerial Vehicle
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Appendix A
Appendix A.1. Alternate DoD Analysis

Alternate DoD Analysis: area outside the landslide were masked to reduce the visual

influence of outliers unrelated to slope dynamics, such as those caused by vegetation changes.
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Appendix A.2. Consecutive DoD Analysis
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