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Highlights

What are the main findings?

e  The choice of the GNSS base station significantly impacts UAV-LiDAR data quality,
affecting both relative reconstruction of the model and absolute georeferencing.

e  Vertical bias in UAV-LiDAR outputs can be minimized by integrating vertical ground
control points, although their spatial distribution may be insufficient to fully remove
residual deviations.

What is the implication of the main finding?

e UAV-LiDAR outputs are processing-dependent. While UAV-LiDAR systems are easy
to use, some operational choices can have a significant impact on the result.

e  Each base station type introduces specific uncertainties. The user must select the base
station balancing availability and accuracy required.

Abstract

Coastal monitoring requires a synthesis of accuracy, temporal and context flexibility. Un-
manned aerial vehicles (UAVs) equipped with LiDAR (light detection and ranging) sensors
are a valuable option, made more widespread by the commercialization of consumer-grade
systems, although they often limit user control over data processing. This work quantifies
the impact of the base station type (temporary, permanent, or virtual) and its distance from
the survey site on UAV-LiDAR direct georeferencing accuracy. The comparison is carried
out, in a specific coastal study site, on both the estimated trajectories and the final outputs,
using novel QGIS tools (PT2DEM, DEM2DEM, T2T). While temporary base stations are
affected by uncertainties of the base coordinates, virtual reference stations are affected
by a wider range of errors, compromising the relative model reconstruction. In contrast,
permanent stations may avoid base-coordinate uncertainties, but if their distance from the
site exceeds the suggested limit (15 km), their use leads to a loss of accuracy in both the
relative reconstruction of the model and the absolute georeferencing. Although the use of
vertical constraints has proven to be a valuable tool for reducing the vertical bias induced by
a suboptimal base station, their distribution may not be adequate for minimizing residual
random deviations, and their deployment may be challenging in environmental contexts
lacking stable and accessible areas.
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1. Introduction

Nowadays, coastal areas are vulnerable environments typically subject to nourishing
procedures, breakwaters, groins, or nature-based reef solutions to mitigate the shoreline
retreat. Performing a coastal survey means dealing with a dynamic environment that can,
at the same time, be threatened by sea storms and flood risk. This context highlights the
need to establish a monitoring procedure [1] that maintains adequate accuracy in relation
to the phenomena to be observed, while also being rapid, flexible, and applicable even after
extreme weather events that may have drastically changed the scenario.

In this context, the widespread use of unmanned aerial vehicles (UAVs) for small
and medium extent territorial surveys [2-6] is related primarily to their flexibility in
terms of object scale and survey goals, providing high spatial and temporal resolution
while being more time and cost effective than airborne-based [7-10] or ground-based
solutions [11-16]. A UAV system can be equipped with different sensors [17]: an RGB
camera and LiDAR (light detection and ranging) sensor are both able to capture the ob-
ject geometry. Moreover, the LiDAR survey and processing are usually faster than the
one performed by photogrammetry with an RGB camera, and they also benefit from
the LiDAR sensor’s ability to penetrate the canopy and collect ground points thanks
to the multi-echo technology. Whereas using direct georeferencing for the RGB camera
is not mandatory and can lead to vertical bias due to incorrect sensor calibration [18],
direct georeferencing is mandatory for the LiDAR survey and processing. In other
words, integrating and optimizing the GNSS (global navigation satellite system) and
IMU (inertial measurement unit) data collected by the vehicle during flight provides ac-
curate position and attitude information to the range data collected by the laser-scanning
mechanism [19,20]. Specifically, GNSS data can be retrieved using relative positioning
techniques [21-24], which are based on computing the baseline vector between the master
station, with well-known coordinates, and the rover device. While post-processed kine-
matic (PPK) procedures compute the trajectory afterwards, real-time kinematic (RTK) and
network real-time kinematic (NRTK) are real-time correction modes that use, respectively,
a remote master station or data provided by a network of remote stations (e.g., the nearest
station or a virtual reference station—VRS).

A great number of studies have investigated the potential and limitations of UAV-RGB
surveys, evaluating the influence of flight patterns [25,26] or the integration of accurate
camera locations [27-29], to minimize the use of GCPs (ground control points) and enhance
the final output. Instead, less research has focused on the accuracy of UAV-LiDAR sur-
veying and processing, despite the commercialization in recent years of consumer-grade
UAV-LiDAR systems, which has progressively increased their use. In this context, the
following studies need to be highlighted:

e  Kamp et al. [30] evaluated the uncertainties linked to airborne and UAV-based LiDAR
surveys. They focused on the relative reconstruction, examining how system, flight,
processing, and site characteristics affect the reconstruction and emphasizing the
importance of accounting for these uncertainties to avoid incorrect change-detection
estimates in multi-epoch surveys.

e  Bartminski et al. [31] evaluated the repeatability of final digital terrain models (DTMs)
produced using different UAV-LiIDAR systems. However, the impact of trajectory
correction was not considered in their comparison.
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e  Mandlburger et al. [32] compared the performance of a survey-grade UAV-LiDAR
system with that of a consumer-grade system (i.e., the DJI “Zenmuse L1”). They also
attempted to improve strip adjustment using alternative methods compared with the
optimization implemented in the proprietary software.

e Poppl et al. [33] proposed a novel approach for LIDAR processing (airborne- or UAV-
based), integrating plane-based LiDAR features with raw IMU data and pre-processed
GNSS data, optionally allowing the joint processing of multiple dataset. This approach
is presented as an alternative to the standard procedure, which consists of an initial
Kalman filter-based integration of GNSS/IMU data followed by strip adjustment.

o Kersten et al. [34] investigated the accuracy of the DJI “Matrice 300 RTK” vehicle
equipped with both the DJI “Zenmuse P1” and “Zenmuse L1” sensors, using different
flight and scanning configurations.

e Stroner et al. [35] analyzed the accuracy of a UAV-LiDAR point cloud using highly
reflective targets. They subsequently attempted to reduce georeferencing errors using
different types of transformations (translation or roto-translation).

e Dreier et al. [36] investigated the quality of UAV-LiDAR point clouds in terms of noise,
precision, accuracy, and the influence of the reference base station used.

e Cao et al. [37] proposed a method for integrating UAV-LiDAR and USV-SBES (un-
manned surface vehicle—single beam echosounder) data to produce a continuous
topo-bathymetric model, then analyzing its accuracy along GNSS transects.

The common ground among these studies is the limited possibility for quality con-
trol [38] of LiDAR data processing and outputs. Photogrammetric processing is inherently
redundant because it relies on homologous points and typically integrates absolute measure-
ments (e.g., GCPs or capture locations). In contrast, LIDAR data lack inherent redundancy,
and the error associated with each measurement depends on an error budget related to
the complexity of the system (GNSS, IMU, LiDAR) [39]. All these works present different
approaches and perspectives for evaluating the performance of UAV-LiDAR systems. How-
ever, in most cases, the base station used for trajectory estimation is not explicitly described,
even though it can strongly influence the results.

Although real-time GNSS corrections help maintain the planned flight trajectory, the
corresponding positional data are generally not recommended for final processing due
to potential temporary signal outages or degradations during the survey. Alternatively,
trajectory post-processing can be performed using GNSS observations acquired from
temporary, virtual, or permanent stations. Given these alternatives, this work aims to
quantify how the GNSS base station type (temporary, permanent, or VRS) and its distance
from the survey site affect UAV-LiDAR direct georeferencing accuracy, and to assess
whether integrating vertical ground control points (vGCPs) can mitigate vertical errors
induced by suboptimal base stations. The comparison is carried out both on the estimated
trajectories and on the final outputs. In this way, it is possible to evaluate how trajectory
miscalculations can lead to accuracy loss by comparing the LIDAR-derived digital terrain
model (DTM) with reference data (target network or photogrammetric digital surface
model—DSM). Statistical and spatial analyses of the differences are performed using
custom QGIS tools developed for this study that allow simpler and faster comparisons
between targets, DEMs (digital elevation models), and SBET (smoothed best estimate of
trajectory) files. These tests are conducted in a specific study area: a coastal environment
that is periodically monitored. Their evaluation makes it possible to identify the best
solution for preserving both the relative and absolute reconstruction of the model, while
also highlighting possible alternative approaches along with their expected uncertainties.
Although this research is based on a specific case study and the results cannot be valid for
all possible situations, these tests contribute to providing a clearer overview of the options
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available to users performing this type of processing with a consumer-grade UAV system
and closed-source proprietary software.

In the following sections, the survey and processing steps are first documented
(Section 2), followed by an overview of the test results (Section 3) and a discussion of
these results (Section 4), highlighting the main strengths and limitations of each station
type used in this study site.

2. Materials and Methods
2.1. Study Site

The data used in this work were collected in a coastal area near the mouth of the
Bevano River (Ravenna, Emilia-Romagna, Italy). This area is part of a nature reserve that,
like the entire Adriatic coast in the Emilia-Romagna region [40-42], is threatened by coastal
erosion and flooding, and has been designated as the study area (Figure 1) for the European
project “LIFE NatuReef” [43]. The goal of this project is to restore biogenic reefs, specifically
using oysters (Ostrea edulis) and sabellariid worms (Sabellaria spinulosa), to both mitigate
coastal erosion and enhance the marine ecosystem.
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Figure 1. (a) Study site location (red dot); (b) study site location, between “Lido di Dante” and the
Bevano river mouth (red rectangle). Background: Google Satellite map, EPSG 4326.

2.2. Ground Control Points Collection

To be used as ground control points (GCPs) for photogrammetric processing,
18 targets (Figure 2) were distributed across the survey area in a homogeneous and re-
dundant manner. In cases where morphological constraints or vegetation obstruction
prevented the placement of circular plywood targets (diameter of 50 cm, with a black and
white pattern), alternative solutions such as pins or square plastic targets (10 x 10 cm, with
a black and white pattern) were employed on top of available wooden elements. The pins
were permanently installed to serve as reference points for future monitoring purposes.
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Figure 2. Target setup: (a) pin into wood element, (b) natural feature (red cross); (c) circular plywood
target, diameter of 50 cm, with a black and white pattern, (d) square plastic target, 10 x 10 cm with a
black and white pattern, (e) target location on the area, background: Orthophoto AGEA 2020 RGB
(r_emiro:2022-03-10T115056), EPSG 7792.

The positions of the targets were measured using a STONEX “S900A” GNSS receiver
in NRTK-VRS mode [44]. Each solution was averaged over 60 epochs with an assigned
precision assessment: the final solutions have an average and maximum horizontal stan-
dard deviation (SD) of respectively 0.7 cm and 1.2 cm, and an average and maximum
vertical SD of respectively 0.9 cm and 1.2 cm. The collected target coordinates, framed
in the official Italian reference system RDN2008, are projected in UTM zone 33, and the
orthometric heights are computed using the software ConvER2021 [45] and the geoid model
ITALGEO2005 [46]. It is important to underline that further processing and comparison
between the GNSS data and UAV data are conducted within the projected cartographic
system while retaining the ellipsoidal height. This approach ensures compatibility across
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datasets from different sources. When required, final outputs can be shifted by applying
the estimated mean geoid undulation of approximately 39.04 m.

2.3. GNSS Observation Data: Native and Third-Party Base Stations

In this work the UAV-LiDAR processing was performed using different base stations

located at various distances from the study site (Table 1, Figure 3):

(i) D-RTK2 and STONEX are two temporary base stations installed on the site using a
tripod, with the first serving as the system’s native base station.

(i) VRS-A, VRS-B, and VRS-C are three virtual reference stations [47] located respectively
on the site, 9 km away, and 21 km away, computed by HXGN SmartNet [48].

(iii) FAEN is a permanent base station of the HXGN SmartNet [48], located 36 km away:.

Table 1. Characteristics of the GNSS base stations used for the PPK correction of the UAV trajectory.

ID Antenna Type GNSS Rate Distance
D-RTK2 unknown Temporary—on tripod GPS, GLO, GAL, BDS 1s on site
STONEX STXS900A Temporary—on tripod GPS, GLO, GAL, BDS 1s on site
VRS-A LEIAR10 NONE VRS—HXGN SmartNet GPS, GLO, GAL, BDS 1s on site
VRS-B LEIAR10 NONE VRS—HXGN SmartNet GPS, GLO, GAL, BDS 1s 9 km
VRS-C LEIAR10 NONE VRS—HxXGN SmartNet GPS, GLO, GAL, BDS 1s 21 km
FAEN LEIAR10 NONE Permanent—HxGN SmartNet  GPS, GLO, GAL, BDS 1s 36 km

(b)
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Figure 3. Locations of the GNSS base stations used for the PPK correction of the UAV trajectory.
(a) Location of VRS-B, VRS-C and FAEN base stations, near the study site. (b) Image of the temporary
base stations deployed on site: D-RTK2 (left) and STONEX (right). (c) Location of D-RTK2, STONEX
and VRS-A base stations, on the study area. Background: Orthophoto AGEA 2020 RGB (r_emiro:2022-
03-10T115056), EPSG 7792.
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2.4. UAV Survey

The DJI “Matrice 300 RTK” UAV, carrying first the D]I “Zenmuse P1” payload (RGB
camera) and then the DJI “Zenmuse L1” payload (LiDAR sensor), was used to cover the
entire area of interest.

Before executing the planned flights, the UAV and its own base station “D-RTK2”
were both linked to the ground station (GS). The base station was assigned the coordinates
collected in the field using the STONEX “S900A” GNSS receiver in NRTK-VRS mode. This
setup enables real-time correction of the UAV’s position during the flight and simultane-
ously stores data that are already georeferenced in the national datum RDN2008.

Due to the limited battery endurance of the UAV, acquisition of the entire area was
divided into four flights, two for each sensor. To exploit the low tide of the day and maintain
coherence in the dynamic foreshore area, each sensor survey was split into two parallel
flights covering the eastern and western portions of the area, respectively.

2.4.1. RGB Camera and Photogrammetric Processing

The DJI “Matrice 300 RTK” UAYV, carrying the DJI “Zenmuse P1” payload (RGB
camera), was used to collect about 1262 pictures (Table 2) at a fixed flight height of approx-
imately 45 m, due to flight constraints on the area. A forward and side overlap of 80%
and 60%, respectively. The survey, carried out through two planned flights using the DJI
Pilot [49] platform, started at 13:02 (GMT) and ended at 13:47 (GMT) on 11 March 2025.

Table 2. Flight parameters for the UAV-RGB flight on the study area and image locations. Background:
Orthophoto AGEA 2020 RGB (r_emiro:2022-03-10T115056), EPSG 7792.

Flight Parameters
(=3
vehicle DJI Matrice 300 RTK §
payload name DJI Zenmuse P1 2
payload type RGB camera
sensor dimension 36 X 24 mm g
image resolution 8192 x 5460 pixel lj
focal length 24.00 mm 3
pixel length 4.39 um
forward overlap 80% S
side overlap 60% 2
flight height (from <
take-off point) 45m
mean photo scale 1:1875 g
GSD'! 0.82 cm =
flight speed 5m/s N
number of flights 2 UAV - RGB camera | _
surveyed area ~26 ha ° westflight 18
number of images 1262 (west: 520; east: 742) Zficet it §

estimated time ~38 min (west: 16; east: 22) 286,500

1 Ground sampling distance.

The images collected by the P1 payload are processed using the photogrammetric
software Agisoft Metashape [50], following these steps:

1.  The capture locations, collected in the geographic system RDN2008 with ellipsoidal
height, are converted by the software convER2021 into the projected cartographic
system RDN2008/UTM33, retaining the ellipsoidal height. The images and their new
metadata are imported into Metashape to be processed together.
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2. Tie point detection is performed at the original image resolution, with a reduced
processing time thanks to the use of a coarse-to-fine strategy (generic preselection)
and the use of known capture locations (source reference preselection).

3. A first computation of the external and internal orientation parameters is carried out
using both the tie point positions (image CRS—coordinate reference system) and the
capture locations (absolute CRS).

4.  The bundle-adjustment is refined using the known GCP locations (both in the image
and absolute CRS) and the camera calibration parameters (f, cx, cy, k1, k2, p1, p2)
are optimized.

5. Poor-quality tie points (with a reprojection error greater than 0.5 pixels) are progres-
sively removed, and the camera calibration parameters (f, cx, cy, k1, k2, p1, p2, b1, b2)
are further optimized.

6.  The residual errors of both GCPs (Q03, D12, D11, D10, D09, D07, D06, D05) and Check
Points (D15, D14, D13, D04, D03, D01, CS09, CS07, CR1) are evaluated. The GCPs
exhibit an RMSE of about 2.8 cm and a maximum error of about 4.4 cm (D07); the
check points show an RMSE of about 3.5 cm and a maximum error of 5.9 cm (D14).

7. Dense image matching is performed at high resolution (1/4 of the original image
resolution) with mild filtering.

8.  The dense point cloud is filtered by removing low-quality points. Points with a
confidence score > 3 are retained in the dune area, while those >5 are retained in the
shore zone.

9. A DSM is generated by interpolating the filtered dense point cloud (ground sampling
distance—GSD = 1.66 cm).

10. An orthomosaic is generated using an average blending mode and the DSM as the
reference surface (GSD = 0.83 cm).

2.4.2. LiDAR Sensor and Data Processing

The DJI “Matrice 300 RTK” UAV, carrying the DJI “Zenmuse L1” payload (LiDAR
sensor), was used to collect the range data (Table 3) at a fixed flight height of about 45 m,
due to flight constraints over the area. Moreover, the survey was conducted with a side
overlap of 20% and a simultaneous collection of pictures, ensuring both strip relative
adjustment and point cloud coloring. The survey was carried out by two planned flights
using the DJI Pilot software, which started at 14:04 (GMT) and ended at 14:51 (GMT) on
11 March 2025.

UAV-LiDAR systems are composed of cooperative components: each device has its
own uncertainties, along with errors related to their cooperation. In summary, the total
error budget associated with a UAV-LiDAR system consists of the following [19,20,39]:

e  Trajectory positioning errors (e.g., number of satellites, satellite geometry, signal
blockage, distance of the GNSS base station, incorrect measurement of the base location
or antenna offset).

e  Trajectory orientation errors (e.g., IMU performance).

e  Scanning mechanism errors (e.g., system design, measurement method, scanning
angle, beam divergence).

e Lever-arm errors (i.e., the errors related to the vector between the GNSS antenna and
the IMU, usually measured by the manufacturer).

e  Bore-sight errors (i.e., the errors related to the parameters that compute the relative
orientation between the IMU and the scanning mechanism, usually determined by a
calibration procedure).

https://doi.org/10.3390/1s18010007
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Table 3. Flight parameters for the UAV-LiDAR flight on the study area and image locations. Back-
ground: Orthophoto AGEA 2020 RGB (r_emiro:2022-03-10T115056), EPSG 7792.

Flight Parameters
vehicle DJI Matrice 300 RTK
payload name DJI Zenmuse L1 §
payload type LiDAR sensor + RGB N
camera 3
wavelength (laser) 905 nm
point rate (laser) 480,000 pts/s (max) -
camera model EP800 =1
sensor dimension (camera) 1 inch N
focal length (camera) 8.8 mm 3
picture resolution (camera) 5472 x 3648 pixel
side overlap (LiDAR) 20% o
forward overlap (camera) 70% a
side overlap (camera) 37% §
flight height (from <+
take-off point) 4 m
cloud density ~699 point/m? =]
GSD (camera) ~1.23 cm S
flight speed 3m/s N
return mode triple ¥
. repetitive (FOV ! UAV - LiDAR
scanning mode 70.4° h x 4.5° v) west flight | S
number of flights 2 * east flight o)
surveyed area ~25ha '3
number of images 532 (west: 258; east: 274) 286,500
estimated time ~48 min (west: 23; east: 25)

1 Field of view.

GNSS/IMU cooperation is essential because the high rate of inertial measurements
can smooth some short-term GNSS-related errors, such as weak satellite geometry or
temporary loss of GNSS signal. At the same time GNSS observations can minimize possible
systematic IMU-related errors. In contrast to ALS (airborne laser scanning), unmanned
vehicles usually fly at a shorter distance (about 50-120 m) and have a shorter lever arm, [32]
allowing for the adaption of lower accuracy IMU and laser scanner, while the GNSS unit
remains of considerable importance.

Table 4 lists the accuracy provided by the manufacturer for each unit and for the entire
system used in this work. This type of system is easy to use because sensor calibration is
performed by the manufacturer and the proprietary software is designed to read, manage,
and optimize the sensor data to generate the final LiIDAR point cloud and related derived
products. This means that the user has limited data accessibility, as the collected information
is typically processed internally without user intervention. However, one aspect where the
user retains some control is the selection of the GNSS base station [51] used for trajectory
relative positioning correction.

The LiDAR processing workflow is schematized in Figure 4. On the left are the raw
data stored on the UAV microSD card after the survey (LiDAR range data, GNSS obser-
vations, IMU data, lever-arm measurements, bore-sight parameters). On the right are the
final outputs (trajectory, optimized point cloud, digital terrain model). In the middle there
are the possible processing implementations, including boundary processing parameters
combined with the choice of the GNSS base station and the integration of elevation con-
straints. The different LIDAR processing tests are performed via the proprietary software
DJI Terra [52], using the same processing settings (Table 5).

https:/ /doi.org/10.3390/rs18010007
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Table 4. Accuracy specifications of DJI “Zenmuse L1” sensor, onboard DJI “Matrice 300 RTK”,
provided by the manufacturer.

System horizontal accuracy 10 cm @ 50 m
y vertical accuracy 5cm @50 m
horizontal accuracy lcm + 1 ppm
GNSS—RTK vertical accuracy 1.5cm +1 ppm
roll & pitch accuracy 0.025°
MU yaw accuracy 0.15°
. ranging accuracy 3cm @100 m
Laser unit beam divergence 0.03° h x 0.28° v
Raw Data Processing Output
. LiDAR Boundary processing parameters « trajectory
- GNSS Reference Station Constraints + optimized
. : point cloud
. IMU —i® DRTK2
o lever-arm _,I STONEX ‘_ - DIM
measurements

+ O VRSA - _

« bore-sight

parameters ~>| O VRSB ‘—
—{o VRsC
e FARN 1vGCP
+ 3 vGCP _
; H?itrlg?praifet;irelfceerg?ctéosrtlation 5 vGCP
O virtual temporary @ permanent 12 vGCP

Figure 4. LiDAR processing workflow. The raw data are processed using DJI Terra software,
conducting two types of tests (1—varying the reference base station used for trajectory estimation;
2—integrating vertical ground control points—vGCPs into the processing).

Table 5. Boundary processing parameters for LIDAR processing using DJI Terra.

Setting Value Note

The point cloud resolution is maintained at the same level as the

point cloud density high acquired point cloud.
By evaluating the flight altitude, scanning FOV, and average
point filtering range < 100 m elevation changes in the study area, a threshold can be set to
exclude possible outliers.
optimization yes Multi-temporal data are optimized for a higher overall consistency.
smoothing no Smoothing is disabled to preserve small features.
classification gentle slope Iteration angle of 6°, iteration distance of 0.5 m.
elevation model 10 cm Points classified as non-ground are excluded.
coordinate RDN2008/UTM33 . s .
reference system with ellipsoidal height The Italian geoid is not implemented.

While maintaining the same boundary processing parameters, it is possible to influence
the results by varying the GNSS base station and/or applying elevation constraints. Since
GNSS observation files recorded in real-time may contain missing data, it is reasonable to
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process the original observation files stored at the base station. In this work, six different
base stations are adopted (Figure 4): (1) the native D-RTK2 station (2) the temporary
STONEX base station; (3) the VRS-A located in proximity of the site; (4) the VRS-B located
about 9 km away; (5) the VRS-C located about 21 km away; (6) the FAEN permanent
station, located 36 km away. In addition, four tests are performed on the FAEN base station,
introducing 1, 3, 5, and 12 vGCPs, respectively.

It is important to note that DJI Terra software does not currently support the use of an
antenna calibration file [52] capable of integrating the PCV (phase center variation) into
the relative trajectory processing. Let “Ap srp” denote the vertical distance between the
station point on the tripod and the ARP (antenna reference point), and “Asrpr” the vertical
distance between the ARP and the mean phase center. The position of the base stations is
then computed as follows:

- D-RTK2: (lat, lon, h) coordinates computed in NRTK-VRS mode + Ap arp + AARPR-

- STONEX: (lat, lon, h) coordinates computed in NRTK-VRS mode + Aagrpr.

- VRS-A, VRS-B, VRS-C, and FAEN: (lat, lon, h) coordinates provided by HxGN Smart-
Net + AARPR-

Despite these limitations, the user’s interaction with DJI Terra software allows for
two types of considerations:

1. Evaluating the influence of the chosen base station on trajectory estimation and final
output generation.
2. Integrating vertical ground control points to enhance LiDAR processing.

2.5. Comparison Method

All the final data (target coordinates, photogrammetric DSM, UAV-LiDAR trajectories,
and LiDAR DTMs) need to be compared to evaluate the performance and trends of each
test. In particular, three different levels of comparison are performed (Figure 5): (i) the
elevation difference between check points (CPs) and LiDAR DTM values; (ii) the elevation
difference between the LIDAR DTM and the photogrammetric DSM values; (iii) the East,
North, and height differences between the trajectories. For each comparison, one set of
data is defined as the reference value and the other as the compared data. In this context,
the error is defined as the difference between the compared and the reference value.

Output ‘Function Description
E,N,h coordinates (CPs) — Elevation difference: Point-to-DTM
. PI2DEM base: h value (target)

compared: DTM (LiDAR)
difference: compared - base

DTM (LiDAR)
] Elevation difference: DEM-to-DEM
base: DSM (Photogrammetry)
> DEM2DEM —
compared: DTM (LiDAR)
DSM (Photogrammetry) — difference: compared - base

E,N,h difference: Trajectory-to-Trajectory
base: native trajectory (D-RTK2)

~— compared: third-party trajectories
difference: compared - base

UAV trajectory (LiDAR) —— T2T

Figure 5. Different types of comparison for the output evaluation, with the related function used:
(i) the elevation difference between the target and LiDAR DTM values; (ii) the elevation difference be-
tween the LIDAR DTM and the photogrammetric DSM values; (iii) the East, North, height differences
between the trajectories.
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The statistics computed for each test are:

(i) Mean: the arithmetic mean of the difference values.

(i) MAE (mean absolute error): the average of the absolute errors.

(iii) RMSE (root mean square error): the square root of the average squared errors.

(iv) SD (standard deviation): standard deviation computed on the entire population
of errors.

All these statistics are relevant for understanding the behavior of each test: the mean
shows how the errors are compensated, while the SD indicates how they are distributed
around the mean. Moreover, while the RMSE describes the coherence of the compared
model with the predictive one, a similarity between the mean and MAE may indicate a
possible systematic bias in the compared model.

Moreover, for each of these analyses, a python script compatible with QGIS has been
created (see Supplementary Materials):

- PT2DEM: This algorithm enables a Point-to-DEM comparison.

It compares multiple DEMs against a reference vector point layer. This analysis
evaluates the elevation values at the point locations (E, N). Finally, it generates a statisti-
cal report (mean, MAE, RMSE, SD, max, min) and a shapefile containing the computed
values attached to the point layer, enabling an assessment on the spatial distribution of
the differences.

- DEM2DEM: This algorithm enables a DEM-to-DEM comparison.

It compares multiple DEMs against a reference DEM. Finally, it generates a statistical
report (mean, MAE, RMSE, SD, max, min), a graphical report (difference-frequency), and a
difference raster for each compared DEM. Optionally, a polygon mask and a cut-off value
can be used to filter the difference values.

- T2T: This algorithm enables a Trajectory-to-Trajectory comparison.

It processes the DJI Terra SBET trajectories to compute the trajectory differences (East,
North, height, planimetric, absolute) relative to a reference trajectory. Finally, it generates a
statistical report (mean, MAE, RMSE, SD, max, min), a graphical report (time-difference),
and a shapefile containing the average differences along each compared track, enabling an
evaluation of the spatial distribution of the differences.

3. Results
3.1. Point-to-DEM

The Point-to-DEM comparison can serve as an initial assessment to evaluate the overall
impact of the GNSS base station choice on the final output, although it relates only to the
vertical component. Moreover, summing the assumed uncertainties linked to both the
targets and LiIDAR DTM (of about 3.5 and 5.0 cm, respectively), the error associated with
the point-to-DEM difference results in opropepm = £6 ¢cm, which sets the threshold for
negligible differences in the evaluation.

The estimation of elevation differences between the check points (CPs) and the com-
pared LiDAR DTMs at the (E, N) point locations reveals three distinct trends (Table 6):

(i) The GNSS base stations located in the area and mounted on a tripod show the
best performance, with lower RMSE and SD values (approximately 3.6/2.4 cm and
2.3/2.4 cm, respectively). Moreover, the bias, if present, is minor (—2.7 cm for the
native base station).

(if) The three VRSs show similar trends, and do not appear, at least in this first comparison,
to be influenced by their distance from the site. Compared with the physical base
stations located in the area, they exhibit higher RMSE values (ranging from 5.5 to

https://doi.org/10.3390/1s18010007


https://doi.org/10.3390/rs18010007

Remote Sens. 2026, 18,7

13 of 27

6.3 cm) and bias (ranging from —4.3 to —5.4 cm), along with larger errors (ranging
from —9.7 to —12.0 cm).

(iii) The FAEN permanent base station, which is the most distant one, shows the worst
statistics, with a bias of —11.0 cm, an RMSE of 11.9 cm, and maximal errors reaching
approximately —19.8 cm.

Table 6. Results of the Point-to-DEM comparison, using the check points elevation as reference and
the LIDAR DTM elevation as compared.

Compared DTM Mean [m] MAE [m] RMSE [m] SD [m] Min [m] Max [m]
20250311_PPK_DRTK2 —0.027 0.030 0.036 0.023 —0.063 0.015
20250311_PPK_STONEX —0.005 0.020 0.024 0.024 —0.041 0.040
20250311_PPK_VRS_A —0.043 0.047 0.055 0.034 —0.098 0.023
20250311_PPK_VRS_B —0.054 0.054 0.060 0.025 —0.097 —0.014
20250311_PPK_VRS_C —0.053 0.053 0.063 0.034 —0.120 —0.001
20250311_PPK_FAEN —0.110 0.110 0.119 0.046 —0.198 —0.015

Mean: arithmetic mean, MAE: mean absolute error; RMSE: root mean square error; SD: standard deviation; Min:
minimum value; Max: maximum value.

As expected, while the distant base station shows the worst statistics, the temporary
base stations situated in the area exhibit the most consistent outcomes, although they may
introduce bias due to uncertainties in the base station position estimation. Though the three
VRS stations show good statistics, their behavior requires further evaluation. For example,
assessing trajectory variations with respect to the GNSS base station selection is essential to
understand the distribution of errors.

3.2. Trajectory-to-Trajectory

The trajectory difference can identify errors not only in the vertical component (h), but
also in the horizontal components (E, N). In this context, the reference model is defined as
the one obtained using the native base station (D-RTK2), while all third-party base stations
(STONEX, VRS-A, VRS-B, VRS-C, FAEN) are treated as compared models. Moreover,
summing the uncertainties linked to the GNSS data (of about 3.5 cm) the error associated
with the trajectory difference results in ot = £5.0 cm, establishing the threshold for
negligible differences in the test evaluation.

While the differences along the planimetric components (E, N) do not show significant
variations in relation to the GNSS base station used (Tables 7 and 8) with RMSE values
ranging approximately between 1.0 and 2.2 cm, the elevation component (h) is the most
affected by changes in the GNSS base station (Table 9). Moreover, the T2T function can
average the high-rate difference values over a defined interval, enabling the visualization
of the spatial distribution of errors. In this work, the averaging interval is set to 2 s, and
the color ramp reflects the error associated with the trajectory difference (oot = £5.0 cm),
where negligible differences are shown in grey.

Table 7. Results of the Trajectory-to-Trajectory comparison along the E component, using the native
trajectory (D-RTK2) as reference and the third-party GNSS base stations as compared.

E component

Compared trajectory Mean [m] MAE [m] RMSE [m] SD [m] Min [m] Max [m]
20250311_PPK_STONEX 0.022 0.022 0.022 0.001 0.017 0.026
20250311_PPK_VRS_A 0.019 0.019 0.022 0.011 —0.010 0.044
20250311_PPK_VRS_B 0.005 0.009 0.010 0.009 —0.023 0.025
20250311_PPK_VRS_C 0.005 0.011 0.015 0.014 —0.025 0.098
20250311_PPK_FAEN —0.005 0.016 0.021 0.020 —0.076 0.058
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Table 8. Results of the Trajectory-to-Trajectory comparison along the N component, using the native

trajectory (D-RTK2) as reference and the third-party GNSS base stations as compared.

N component

Compared trajectory Mean [m] MAE [m] RMSE [m] SD [m] Min [m] Max [m]
20250311_PPK_STONEX 0.015 0.015 0.015 0.001 0.011 0.020
20250311_PPK_VRS_A 0.013 0.014 0.017 0.010 —0.022 0.064
20250311_PPK_VRS_B 0.010 0.012 0.015 0.011 —0.027 0.057
20250311_PPK_VRS_C 0.011 0.013 0.015 0.011 —0.033 0.052
20250311_PPK_FAEN 0.006 0.013 0.015 0.013 —0.031 0.041

Table 9. Results of the Trajectory-to-Trajectory comparison along the h component, using the native

trajectory (D-RTK2) as reference and the third-party GNSS base stations as compared.

h component

Compared trajectory Mean [m] MAE [m] RMSE [m] SD [m] Min [m] Max [m]
20250311_PPK_STONEX 0.022 0.022 0.023 0.004 0.006 0.031
20250311_PPK_VRS_A —0.017 0.028 0.034 0.030 —0.074 0.072
20250311_PPK_VRS_B —0.030 0.032 0.037 0.023 —0.075 0.053
20250311_PPK_VRS_C —0.033 0.044 0.051 0.038 —0.098 0.084
20250311_PPK_FAEN —0.089 0.092 0.111 0.067 —0.206 0.047

The statistical and spatial distribution of the errors along the h component reveals

three distinct trends (Table 9, Figure 6):

(i)

(i)

(i)

The temporary base station placed in the area on a tripod is the most consistent relative
to the native base station, with an RMSE of about 2.3 cm and a low bias of 2.2 cm.
In fact, the grey color is spread along the entire track highlighting strong agreement
between the two models.

The three VRSs show good performance, with RMSE between 3.4 and 5.1 cm and a
bias ranging between —1.7 cm and —3.3 cm, both increasing with the distance from
the site. However, they also exhibit sporadic larger errors ranging from 5.2 to 8.4 cm
and from —7.4 to —9.8 cm, spatially visible in yellow and light blue, respectively.
The FAEN permanent base station, the most distant one, exhibits the worst perfor-
mance, with an RMSE of 11.1 cm, a wider distribution of the differences (SD of
6.7 cm), the highest bias (~—8.9 cm), and the largest differences (~—20.6 cm). Spatially,
it shows a wider range of random errors, spanning from —5.0 cm to —20.0 cm (from
light blue to black).

As expected, the temporary base station situated in the area shows the most consistent

outcome, while the more distant base station exhibits the worst statistics and differences.

Moreover, the three VRSs, despite showing good statistics, exhibit random deviations

above the negligible threshold, highlighting worse performance compared to physical

base stations.

It is therefore important to assess how these differences in trajectory estimation affect

the final output, with a DEM-to-DEM comparison, especially since the most significant

trajectory differences relate to the height component and are randomly distributed.
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Figure 6. Results of the Trajectory-to-Trajectory comparison along the h component, using the native
trajectory (D-RTK2) as reference and the third-party GNSS base stations as compared. The results
are averaged with a time interval of 2 s, to visualize the spatial distribution of errors. The color
ramp reflects the error associated with the trajectory difference (oot = +5.0 cm), where negligible
differences are shown in grey (strong agreement with the reference model).

3.3. DEM-to-DEM

The difference between the photogrammetric DSM and the compared LiDAR DTMs
can show how the trajectory-related errors affect the elevation component of the final
output. Moreover, summing the uncertainties linked to both LIDAR DTM and photogram-
metric DSM (of about 5.0 cm) the error associated with the DEM difference results in
oppMepEM = £7.0 cm, establishing the threshold for negligible differences in the
test evaluation.

It is important to underline that for a better statistical evaluation of the errors, a cut-off
needs to be applied, to minimize the effect of outliers related to vegetation in the DSM.
In this work a cut-off of 40ppyvopEM (£28.0 cm) is applied for the statistics (Table 10), and
the dark blue color (Figure 7) highlights the outlier areas characterized by vegetation and
anthropic features.
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Table 10. Results of the DEM-to-DEM comparison, using the elevation of the photogrammetric DSM

as reference and the DTM elevation as compared. A cut-off of 4opgvopeMm (£28.0 cm) is applied.

Compared DTM Mean [m] MAE [m] RMSE [m] SD [m] Min [m] Max [m]
20250311_PPK_DRTK?2 —0.054 0.055 0.071 0.046 —0.280 0.276
20250311_PPK_STONEX —0.033 0.036 0.060 0.050 —0.280 0.272
20250311_PPK_VRS_A —0.066 0.067 0.079 0.044 —0.280 0.267
20250311_PPK_VRS_B —0.076 0.077 0.088 0.043 —0.280 0.229
20250311_PPK_VRS_C —0.072 0.073 0.084 0.045 —0.280 0.279
20250311_PPK_FAEN —0.116 0.117 0.126 0.047 —0.280 0.273

D-RTK2 STONEX VRS-A  VRS-B VRS-C FAEN

Difference [m]

Bl <02 ]
B 028/-021 §
B 021/-014
[0 -014/-007

[ -007/000
[ 0007007
[ 1o007/014
I 0.14/021
B 021/028
Il o028

0 100

Figure 7. DEM-to-DEM comparison, using the photogrammetric DSM as reference and the LIDAR DTM
as compared. The color ramp reflects the error associated with the DEM difference (cppyvoppv = 7.0 cm),

where negligible differences are shown in grey (areas consistent with the reference model). A cut-

off of 40ppvppEM (£28.0 cm) is applied, highlighting in dark blue outlier areas characterized by

vegetation and anthropic features.

In this work, as with the Point-to-DEM and Trajectory-to-Trajectory comparisons, the

statistical and spatial distribution of the errors reveal three trends (Table 10, Figure 7):

(i) The GNSS base stations located in the area, mounted on a tripod, show the best

performance, with RMSE between 6.0 and 7.1 cm, and a bias between —3.3 and

https:/ /doi.org/10.3390/rs18010007


https://doi.org/10.3390/rs18010007

Remote Sens. 2026, 18,7

17 of 27

—5.4 cm. In fact, the spatial distribution of errors shows a great coherence between
these compared models and the photogrammetric one, with a widespread grey color
on the beach and road areas.

(ii) The three VRSs have an RMSE ranging between 7.9 and 8.8 cm, and a bias between
—6.6 and —7.6 cm. Statistically, they show a similar trend, and it does not appear
to be related to the distance from the site. However, the spatial distribution of the
differences exhibits an increasing non-negligible error (light blue) associated with
increasing distance, showing no clear spatial correlation.

(iii) The FAEN permanent base station, which is the most distant one, shows the worst
statistics, with an RMSE of about 12.6 cm and a bias of about —11.6 cm. In fact,
the spatial distribution of the differences shows the largest deviations, ranging from
—7.0 to 140 cm (light blue) and from —14.0 to 21.0 cm (medium blue),
randomly distributed.

Coastal surveys require an accuracy level appropriate to the phenomena being an-
alyzed. Sub-10cm accuracy may be required to support hydrodynamic analyses, coastal
erosion modeling, and change detection. Moreover, it is important to consider both the ac-
curacy of the relative reconstruction of model portions and the absolute georeferencing. As
seen in all the comparisons, the temporary base stations located in the area may introduce
bias linked to the estimation of the base position, but they remain the preferred options,
exhibiting the most consistent statistics and a coherent spatial distribution of the differences.
The use of VRS is logistically advantageous as it removes the need to deploy a physical
base station in the area, but in this case it leads to outcomes with unacceptable accuracy
and non-negligible errors, randomly distributed. This indicates that VRS may not meet the
requirements of coastal monitoring, as they exhibit a random accuracy loss in the relative
reconstruction of the model. The use of permanent stations with well-known positions
can be an asset for monitoring purposes, but when the nearest station is farther than the
suggested limit [53] (>15 km), it leads to statistical and spatial issues. These stations may
exhibit a loss in both relative reconstruction and absolute georeferencing, both essential for
coastal monitoring. However, it is important to note that the accuracy loss related to the
use of VRS or distant stations is mainly linked to the height component. Although it is not
constant, it may be mitigated using elevation constraints.

3.4. Integration of Vertical Ground Control Points

The LiDAR processing performed in this work allows for the integration of vertical
ground control points (vGCPs). For this reason, four additional tests are performed to
evaluate whether and how the vertical errors can be minimized. These tests use the FAEN
base station (i.e., the station that has produced the poorest outcomes) and attempt to
minimize the errors using 1, 3, 5, and 12 vGCPs, respectively. Specifically, the points
must belong to the ground level, and they are selected as follows: 1 point in the center,
3 points spatially distributed along the study area, 5 points distributed along the area and
alternating between the west and east sides, and all 12 points collected homogeneously on
the area.

Statistically, all tests show substantial improvement (Table 11), with an RMSE ranging
between 5.6 and 6.9 cm (close to the 7.1 cm of the native model), and a bias ranging between
—0.6 and 2.5 cm (compared with —5.4 cm for the native model). However, the spatial
distribution of the differences reveals a different behavior (Figure 8):

(i) The use of a single vGCP drastically reduces the vertical bias related to the dis-
tance of the GNSS base station used for the PPK, although some areas still show
residual errors.
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(if) The use of three aligned vGCPs shows strong coherence on the side where the points are
placed; however, it causes a deviation on the opposite side (area without constraints).

(iii) The use of five vGCPs, alternately placed across the object, yields a strong improve-
ment in the agreement over the beach and road areas, although some small zones still
exhibit dissimilarities.

(iv) The use of all the available vGCPs (12), alternately placed across the object, minimizes

the vertical errors most effectively.

Table 11. Results of the DEM-to-DEM comparison, using the elevation of the photogrammetric DSM
as reference and the DTM elevation as compared (including models with elevation constraints). A
cut-off of 4opppppEM (£28.0 cm) is applied.

Compared DTM Mean [m] MAE [m] RMSE [m] SD [m] Min [m] Max [m]
20250311_PPK_FAEN —0.116 0.117 0.126 0.047 —0.280 0.273
20250311_PPK_FAEN_1gcp —0.006 0.043 0.061 0.060 —0.280 0.280
20250311_PPK_FAEN_3gcp 0.025 0.054 0.069 0.065 —0.280 0.280
20250311_PPK_FAEN_5gcp —0.021 0.043 0.064 0.061 —0.280 0.277
20250311_PPK_FAEN_12gcp —0.019 0.036 0.059 0.056 —0.280 0.276
20250311_PPK_DRTK2 —0.054 0.055 0.071 0.046 —0.280 0.276

FAEN FAEN FAEN FAEN FAEN D-RTK2
novGCP 1vGCP 3vGCP 5vGCP 12vGCP no vGCP
[ ) o P )

Data integration

® elevation constraint

Difference [m]

B <02

Bl -028/-021
B o021/-014
[ -0.14/-007

| —0.07 /0.00
| 0.00/0.07
| 0.07/0.14
I 0147021
B o021/028
Il >o028

0 100 200 m
|

Figure 8. DEM-to-DEM comparison, using the photogrammetric DSM as reference and the LiDAR
DTM as compared (including models with elevation constraints). The color ramp reflects the error

https:/ /doi.org/10.3390/rs18010007


https://doi.org/10.3390/rs18010007

Remote Sens. 2026, 18,7

19 of 27

associated with the DEM difference (oppmvapeEM = £7.0 cm), where negligible differences are shown
in grey (areas consistent with the reference model). A cut-off of 4oppvppEM (£28.0 cm) is applied,
highlighting in dark blue outlier areas characterized by vegetation and anthropic features. The purple
dots show the distribution of vGCPs, when used.

Although the computed trajectory remains the same, the use of only a single elevation
constraint significantly enhances the elevation component of the final output. Nevertheless,
the use of multiple, spatially distributed constraints may provide a better representation of
the scene, minimizing not only the presence of bias but also the influence of random errors
on the scene. In fact, a wider spatial distribution of points provides stronger constraints
across different portions of the study area. Moreover, statistically, the use of constraints
brings the final model closer to the photogrammetric output, since both are processed
using the same network of GCPs, whereas the native output remains uncorrelated with
the photogrammetric output and may be affected by bias related to the computation of the
antenna offset and base station coordinates.

4. Discussion

Coastal environments are vulnerable areas that require protection and monitoring.
They represent complex scenarios, as they are dynamic environments also threatened by
sea storms and flood risk. Therefore, it is important to plan a monitoring program that is
rapid, adaptable to potential changes, and still provides adequate accuracy in relation to
the phenomena being analyzed.

In this context, UAV-LiDAR systems have proven to be a significant asset in providing
high-resolution 3D representation of coastal environments. These systems require the
use of a direct georeferencing procedure, in which the UAV trajectory can be estimated
using relative positioning techniques (RTK, NRTK, PPK). However, the choice of the GNSS
base station used for trajectory correction can significantly affect the accuracy of the final
output. Given these factors, different tests were performed using the same UAV-LiDAR
data acquired by the DJI “Matrice 300 RTK” equipped with the L1 payload over a coastal
area near Ravenna (Emilia-Romagna, Italy). Six base station configurations were tested:

(i) Two base stations temporarily deployed on site using a tripod (one of them is the
UAV’s native station)

(ii) Three VRSs located respectively on the site, 9 km away, and 21 km away.

(iii) One permanent base station located 36 km away.

To evaluate their performance among these alternatives (temporary, permanent, vir-
tual), as well as their dependence on distance from the site, three different levels of compar-
ison were performed: (i) an elevation difference between the check points (CPs) and LiDAR
DTM values; (ii) an elevation difference between the LIDAR DTM and the photogrammetric
DSM values; (iii) East, North, height differences between the trajectories.

In the following sections, the main findings will be discussed, beginning with the
influence of each type of station (temporary, virtual, and permanent), followed by study
limitations and a comparison with related works.

4.1. Temporary Stations—Native vs. Third-Party

There are some complex scenarios (e.g., high vegetation, rapid elevation changes,
large extent) in which the use of the native base station is not favorable, due to difficulty in
maintaining a stable connection throughout the entire flight duration (for both UAV-GS and
GS-base links). Consequently, it is important to assess the use of an alternative third-party
base station for trajectory post-processing.

Overall, the results of this study show greater coherence when using temporary base
stations compared with the other two alternatives (on-site VRS or a distant permanent
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station), due to reduced baseline errors. When comparing the trajectories, the STONEX
station (temporary third-party base station) is the most consistent with the native trajectory.
This similarity in the estimated trajectory also leads to a comparable result in the comparison
between the LIDAR DTMs and the photogrammetric DSM: these results exhibit an RMSE
of about 6.0/7.1 cm and a mean value of about —3.3/—5.4 cm. These biases between the
photogrammetric and LiDAR datasets are compatible with the uncertainties associated
with the estimation of the base coordinates. However, the use of temporarily deployed
base stations on site remains the best option for this study site, despite the uncertainties
linked to a temporary configuration.

4.2. Virtual Reference Stations—Strengths and Limitations

The use of virtual reference stations for environmental surveys can be a key element. In
fact, it does not require any physical deployment in the study area, making this procedure
highly convenient for rapid surveys, even in complex and inaccessible scenarios. Despite
the practical ease of using VRS, the results have shown a loss of accuracy compared with
temporarily deployed base stations.

When comparing the trajectories, the East and North components can be neglected,
while the height component is the most affected. This comparison shows random deviations
with respect to the native trajectory, mainly expressed by a wider range of min-max values,
between —7.4 cm and 7.2 cm for VRS-A located within the study site. This type of error
affects the final model reconstruction. In fact, when compared with the photogrammetric
model, a bias of —6.6 cm is observed, partially caused by uncertainty in the base coordinates.
In addition, spatially, a random distribution of errors can be seen, with deviations exceeding
the 7 cm threshold. In this case, the impact of the trajectory misestimation compromises not
only the absolute georeferencing of the model but also the relative height reconstruction,
making it unsuitable for coastal monitoring, where overall consistency is required.

4.3. Permanent Base Station—The Impact of the Distance

The use of permanent base stations located near the study area is ideally the best
option for monitoring purposes. This configuration enables processing with the same
station coordinates for each epoch, thus avoiding the uncertainty associated with estimating
them independently at each epoch. However, this option is often not feasible, as permanent
base stations may be located far from the survey site.

In this study area, the permanent base station (FAEN) is about 36 km away, which is
greater than the maximum baseline recommended in the literature and by the software [54]
(15 km). Using such a base station is not ideal, but in some cases it may be the only option
available, as it is the closest to the site.

The results show that using a base station at such a distance can affect the trajectory
estimation and, ultimately, the output elevation model. When comparing the output
trajectory to the native one, the East and North components can be neglected, while
the height component is the most affected. In the height component, two effects can
be observed. First, the mean value shows a bias of about —8.9 cm. Second, the error
distribution is random, which is reflected in a higher standard deviation and a broader
range of min-max values (from —20.6 cm to 4.7 cm). When comparing the LIDAR DTM
with the photogrammetric DSM, the results show a bias of —11.6 cm and a retained random
error distribution, with deviations ranging from about —7.0 to —21.0 cm. This behavior
highlights a loss of accuracy not only in the absolute georeferencing but also in the relative
reconstruction of the model.
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4.4. Vertical Error Mitigation Through vGCPs

The integration of vertical ground control points (vGCPs) into LiDAR processing is
in most cases not a feasible solution, considering the usually low resolution of the LIDAR
point cloud and the difficulty of accurately collimating targets. Likely due to this limitation,
DJI Terra software only allows the integration of vertical constraints, which are coordinates
with known elevation values.

The integration of vertical constraints can be a valuable tool for minimizing the
elevation errors present in LIDAR processing. As described above, this type of elevation
error has two main trends: a vertical bias and a random error distribution. While the use of
a single constraint may be able to remove the vertical bias, an occasional presence of errors
may still be observed.

The test evaluating constraint integration was performed using the worst-case scenario
(FAEN—distant permanent station), integrating 1, 3, 5, and 12 vGCPs, respectively. Statisti-
cally, all tests show an improvement, reducing the bias from —11.6 cm to approximately
—0.6/2.5 cm. However, the visual distribution of the errors shows that not all tests have an
overall consistency along the study site. In fact, the spatial arrangement of the constraints
may not be sufficient to reduce the stochastic nature of the deviations. For example, when
using a single vGCP, small portions with higher errors (up to 7 cm) remain, and using
3 vGCPs aligned along the eastern part leads to a loss of consistency in the western area
(up to 7 cm).

In addition, these tests appear to perform statistically better than using the native
temporary base station without vGCPs. It is clear that using vGCPs in LiDAR processing
makes it more consistent with the photogrammetric DSM, which is also georeferenced
using the same GCPs. LiDAR has no inherent redundancy, and the final error budget can
easily be affected by additional bias and uncertainties. For example, temporarily deployed
base stations can introduce residual biases in the output, such as uncertainties linked to
the base coordinates and the antenna phase center. This makes the deployment of targets
advantageous, as they can serve both as constraints to mitigate residual biases and as final
quality control for LIDAR-derived outputs. The coastal environment may not be ideal for
this purpose, as it is highly dynamic. However, other environmental settings may be more
suitable for building a permanent network of stable points that can be used to minimize
residual vertical deviations and correctly georeference multi-temporal data.

4.5. Study Limitations

Firstly, the results refer to a specific study area, specifically a coastal environment
located at the edge of the CORS (continuously operating reference station) network. For
this reason, it would be valuable to evaluate the use of VRS under different CORS network
geometries and to assess the use of closer permanent stations, since the nearest station in
this study exceeded the theoretical 15 km baseline limit.

Secondly, using consumer-grade system with related proprietary closed-source soft-
ware does not allow open accessibility for integrating data collected by each unit (GNSS,
IMU, bore-sight). The manufacturer is responsible for system calibration, and the user
may be unable to assess sensor miscalibration. For these tests, it is assumed that the error
associated with the choice of the GNSS base station is more significant than the error arising
from system calibration.

Finally, it appears that the software used does not include ANTEX files. This means
that it does not automatically recognize the antenna type. The user must manually enter
not only the antenna height but also the mean antenna offset. Consequently, trajectory
processing does not account for phase center variation, which can lead to errors arising from
antenna geometry and satellite configuration during the survey. However, it is notable that

https://doi.org/10.3390/1s18010007


https://doi.org/10.3390/rs18010007

Remote Sens. 2026, 18,7

22 of 27

this issue is not explicitly highlighted in similar studies or documentation. This highlights
a broader issue regarding the transparency of the LiDAR processing workflow: while
the system and processing are easy to use, users may introduce errors due to limited
understanding of how the processing procedure is implemented.

4.6. Comparison with Related Works

Both Bartmiriski et al. [31] and Kersten et al. [34] use the same UAV-LiDAR system as
this study, though showing different performance. They do not clearly state which base
station was used for data processing, making a direct comparison with this work difficult.
Instead, it is useful to compare the current results with the analysis conducted by Dreier
et al. [36]. Although the scenario, equipment, and comparison procedure differ, Dreier
et al. investigated, as in this work, the use of different base stations for UAV-LiDAR direct
georeferencing. Their first test involved processing a single UAV-LiDAR strip at a flight
height of 10 m, using a base station on a pillar (baseline = 1 km), two VRSs (baselines of
1 and 2 km), and a CORS station (baseline = 16 km). Comparing the target coordinates
with a TLS (terrestrial laser scanning) reference, they obtained statistically similar results
for all stations, supporting the use of all alternatives. By contrast, their second test, based
on processing a multi-strip acquired at a flight height of 25 m, processed using a VRS,
yielded results more comparable to those of this study: a mean absolute error of about
4.3 cm (vs. 4.7 cm for VRS-A) and a maximum error of about 8 cm (vs. 10 cm for VRS-
A). This supports the idea that the use of virtual reference stations may warrant further
investigation, particularly regarding the geometry of the CORS network. In this context, it
could be valuable to investigate not only the final output but also the computed trajectories,
as in the present work. Moreover, another notable similarity between these two studies is
the presence of bias in all tests, mainly related to the height component. As suggested in
Dreier et al., the present work supports the validity of using vertical constraints to minimize
this bias, although the distribution of constraints may sometimes be insufficient to maintain
overall consistency.

In this context, correctly registering point clouds is essential for reliable change de-
tection analysis and to avoid misestimating volume changes [30]. One possible approach
is the rigid co-registration of point clouds based on reference areas [17], or a non-rigid
co-registration performed through the joint processing of multiple dataset, as proposed by
Poppl et al. [33]. However, these procedures may not be effective in dynamic environments
lacking stable areas between survey epochs. Instead, Stroner et al. [35] tried to minimize the
georeferencing error in the point cloud through transformations computed from a network
of highly reflective targets. In their case, the point cloud was not affected by rotational
errors but only by biases along the axes, which could be removed via translation. This
procedure is similar to that adopted in this study, although the vertical ground control
points (vGCPs) only correct the height component, which is the most affected when using
suboptimal base stations. In other words, both Stroner et al. and the present study focus
on errors linked to GNSS-related uncertainties and their minimization through additional
surveyed constraints. However, this makes the procedure slower and less applicable in
inaccessible scenarios. For monitoring purposes it may be more appropriate in the future to
investigate the UAV-LiDAR stability across multi-epoch surveys, using a permanent base
station to reduce georeferencing biases.

Finally, it is not possible to make a direct comparison with the work of Cao et al. [37],
because the type of base station used is not indicated. However, their work is based
on integrating UAV-LiDAR and USV-SBES data to create a continuous topo-bathymetric
model. This objective highlights the importance of achieving both relative and absolute
data consistency and underscores the relevance of the present work, which seeks to reduce
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GNSS-related errors prior to subsequent processing. In fact, minimizing these uncertainties
enables improved performance in key coastal monitoring tasks (e.g., integration with SBES
data, change detection analysis, and coastal erosion modeling).

5. Conclusions

UAV-LiDAR system requires the use of a direct georeferencing procedure, in which
the UAV trajectory can be estimated using relative positioning techniques (RTK, NRTK,
PPK). Using a consumer-grade system and related proprietary software limit user control
over data integration (GNSS, IMU, LiDAR). However, the user can influence the final result,
varying the GNSS base station for the trajectory correction.

In this work, it has been analyzed how the GNSS base station type (temporary, perma-
nent, or VRS) and its distance from the survey site affects UAV-LiDAR direct georeferencing
accuracy, and whether integrating vertical ground control points (vGCPs) can mitigate
vertical deviations induced by suboptimal base stations. The comparison is carried out
using novel QGIS tools (PT2DEM, DEM2DEM, T2T), comparing both estimated trajectories
and the final outputs. In this way, it is possible to evaluate how trajectory miscalculations
can lead to accuracy loss by comparing the LIDAR DTM with reference data (target network
or photogrammetric DSM).

In this specific coastal environment, the results show a greater coherence when using
temporarily deployed base stations, although they can be influenced by uncertainties of
the base coordinates. The use of VRS is convenient especially for inaccessible scenarios,
while they may contain both uncertainties linked to the base coordinates and a wider range
of random errors, compromising the accuracy in the relative height reconstruction. In
contrast, a permanent base station will avoid the uncertainty associated with estimating its
coordinates independently at each epoch. However, a near permanent station is not always
available, and the use of distant solutions, outside the recommended baseline limit (15 km),
leads both to a loss in the absolute georeferencing (presence of a vertical bias) and in the
relative reconstruction (wider random error distribution). In this context, while the use of a
single constraint can remove the vertical bias, an occasional presence of errors may still be
observed. In fact, the spatial arrangement of the constraints may not be sufficient to reduce
the random noise of the deviations.

To ensure correct hydrodynamic understanding, coastal erosion modelling and change
detection evaluation, coastal monitoring may require both accuracy in the relative recon-
struction of the model and the absolute georeferencing. Having a clear overview of the
alternatives available on a specific site can help plan a more efficient monitoring procedure
in relation to the phenomena being observed, while at the same time be aware of the possi-
ble alternatives with linked uncertainties. These alternatives may be adopted, for example,
for post storm assessment, characterized usually by not fully accessible areas. The open
question remains the overall consistency over a multi-epoch survey. In literature, usually
the data are relatively roto-translated, using stable areas or matching points. However,
dealing with a coastal environment may not be ideal for both the procedure, since it is a
highly dynamic environment and finding stable portions is not easy. This issue may drive
further investigation into a broader use of permanent stations or VRSs for environmental
monitoring purposes, also quantifying the uncertainties linked to the CORS geometry, the
antenna type and the processing pipeline.

Supplementary Materials: The python scripts used in this work are available at the following loca-
tions: PT2DEM Available online: https://zenodo.org/records /17209827 (accessed on 14 December
2025); DEM2DEM Available online: https://zenodo.org/records /17209919 (accessed on 14 December
2025); T2T Available online: https://zenodo.org/records /17209983 (accessed on 14 December 2025).
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Abbreviations

The following abbreviations are used in this manuscript:

ALS Airborne Laser Scanning

ARP Antenna Reference Point
CORS Continuously Operating Reference Station
CcpP Check Point

CRS Coordinate Reference System
DEM Digital Elevation Model

DSM Digital Surface Model

DTM Digital Terrain Model

GCP Ground Control Point

GMT Greenwich Mean Time

GNSS Global Navigation Satellite System
GS Ground Station

GSD Ground Sampling Distance
FOV Field Of View

IGM Istituto Geografico Militare
IMU Inertial Measurement Unit
LiDAR Light Detection and Ranging
MAE Mean Absolute Error

NRTK Network Real-Time Kinematic
PPK Post-Processed Kinematic
PCV Phase Center Variation
RDN2008 Rete Dinamica Nazionale 2008
RGB Red Green Blue

RMSE Root Mean Square Error

RTK Real-Time Kinematic

SBES Single Beam Echo Sounders
SBET Smoothed Best Estimate of Trajectory
SD Standard Deviation

TLS Terrestrial Laser Scanning
UAV Unmanned Aerial Vehicle
Uusv Unmanned Surface Vehicle
UTM Universal Transverse Mercator
vGCP vertical Ground Control Point
VRS Virtual Reference Station
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