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AbSt raCt Keywords
In our study we geo-reference a multibeam echosounder (MBES) data set with a robotic total bathymetric LIDAR - hydrography -
station (RTS). We use this data to perform a multi-sensor least-squares adjustment that lever- MBES - RTS - trajectory

ages planar correspondences within the MBES data to estimate the trajectory. We compare this
to GNSS-based processing and conventional direct geo-referencing. Our results show that the
adjustment improves the precision from an interquartile range of 8 cm to 4 cm. Also, the height
residuals of the trajectory adjustment can be reduced to 1 mm with RTS-based positioning
versus 12 mm with GNSS. When the RTS-based MBES dataset is compared with bathymetric
LiDAR, the standard deviation is 4 cm, and the median difference is -1 cm. Our approach offers
improved accuracy and precision compared to GNSS-based systems and can also be used in
GNSS-challenged environments such as mountainous regions or next to quay walls.

Resumé

Dans notre étude, nous géoréférencons un ensemble de données provenant d'un sondeur multifaisceaux
(MBES) a I'aide d'une station totale robotisée (RTS). Nous utilisons ces données pour effectuer un ajustement
multicapteur par la méthode des moindres carrés qui exploite les correspondances planes dans les données
MBES afin d'estimer la trajectoire. Nous comparons cette méthode a un traitement se basant sur le GNSS
et au géoréférencement direct conventionnel. Nos résultats montrent que I'ajustement améliore la précision,
passant d'un intervalle interquartile de 8 cm a 4 cm. De plus, les résidus de hauteur de I'ajustement de la
trajectoire peuvent étre réduits 2 1 mm avec le positionnement basé sur le RTS, contre 12 mm avec le GNSS.
Lorsque le jeu de données MBES basé sur le RTS est comparé au LIDAR bathymétrique, I'écart type est de
4 cm et la différence médiane est de -1 cm. Notre approche offre une précision et une exactitude améliorées
par rapport aux systemes qui se basent sur le GNSS et peut également étre utilisée dans des environnements
difficiles pour le GNSS, tels que les régions montagneuses ou a proximité des murs de quai.

Resumen

En nuestro estudio georreferenciamos un conjunto de datos de una ecosonda multinaz (MBES) con una estac-
ion total robdtica (RTS). Usamos estos datos para realizar un ajuste multisensor por minimos cuadrados que
aprovecha las correspondencias planares dentro de los datos MBES para estimar la trayectoria. Lo compara-
mos con el procesamiento basado en GNSS vy la georreferenciacion directa convencional. Nuestros resultados
muestran que el ajuste mejora la precision desde un rango intercuartil de 8 cm a uno de 4 cm. Ademas, se
pueden reducir los residuos de altura del ajuste de trayectoria a 1 mm con el posicionamiento basado en RTS,
frente alos 12 mm con GNSS. Cuando se compara el conjunto de datos MBES basado en RTS con el LIDAR
batimétrico, la desviacion estandar es de 4 cm, y la mediana de la diferencia es de -1 cm. Nuestro enfoque
ofrece una mayor exactitud y precision en comparacion con los sistemas basados en GNSS, y también se
puede utilizar en entornos dificiles para GNSS, como regiones montanosas o junto a muros de contencion.
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1 Introduction
Bathymetric mapping of water bodies is a topic
that becomes increasingly relevant, e.g. in the con-
text of climate change and environmental research
(Mandlburger et al., 2025; Mokntar et al., 2023). The
development of uncrewed surface vehicles (USVs)
facilitates the surveying of inland water bodies
with Sound Navigation and Ranging (SONAR).
Meanwhile, the ranging accuracy of SONAR reaches
the cm-level for shallow water depths (Emstsen et
al.,, 2006; Norbit Subsea, 2021), comparable to
pathymetric LIDAR (Light Detection and Ranging)
sensors (Mandlburger et al., 2025; RIEGL, 2021).
Similar to topographic LIDAR (Dammert et al.,
2025b), the geo-referencing of the SONAR data
with Real-Time Kinematic (RTK) GNSS accounts
for a large part of the error budget of the resulting
point cloud. Thus, the GNSS-RTK trajectory can limit
the overall accuracy of multi-sensor systems con-
sisting of SONAR, GNSS, and Inertial Measurement
Unit (IMU) (Skaloud & Lichti, 2006; Dammert et al.,
20256a, 2025b). Consequently, a more accurate tra-
jectory can directly improve the overall accuracy of
the multi-sensor system. Especially GNSS-derived
heights exhibit low accuracy (Mdser et al., 2012;
Krzyzek and Kudrys, 2022), while quality standards,
such as the International Hydrographic Office’s IHO
S-44, emphasize vertical accuracy requirements
over horizontal accuracy requirements (HO, 2022).
For example, the IHO S-44 Special Order and
Exclusive Order require Total Horizontal Uncertainty
(THU) values of 2 m and 1 m respectively, while the
required Total Vertical Uncertainty (TVU) value is,
e.g. at a water depth of 20 m, 0.29 m and 0.17 m
respectively. While the magnitude of these values
varies depending on the Order and water depth, the
general relationship between THU and TVU is ap-
parent: The vertical uncertainty requirement is more
strict than the horizontal uncertainty requirement.
This motivates two research questions, which
we address in our publication: (i) Can Robotic Total
Stations (RTS) improve the geo-referencing accuracy,
in particular the height, of bathymetric point clouds
compared to GNSS, and what impact does the tra-
jectory estimation strategy have on the precision of
our data set? (i) how consistent is our RTS-based
data with Airborne Laser Bathymetry (ALB) data”?
Modern RTS allow reliable position measurements
of kinematic platforms, with measurement rates of up
to 20 Hz and uncertainties below 1 cm (Dammert et
al., 2025a). Thus, RTS outperform GNSS-based po-
sitioning systems in accuracy (Dammert et al., 20250b)
and often also in sampling rate. Measurements of
RTS are initially obtained in a local coordinate frame.
This usually requires an additional transformation of
the measured positions in a global coordinate frame
based on reference points which are known in this
global coordinate frame. However, the accuracy of
transformed RTS measurements is generally higher
than that of kinematic GNSS-RTK measurements,
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as the transformation parameters can be estimated
based on more accurate, static GNSS observations
(millimetre level with sufficient observation time) com-
pared to kinematic GNSS measurements (low centi-
metre level) onboard the survey vehicle (Moser et al.,
2012). In addition, the RTS allows a higher accuracy
of the data set's inner geometry as any transforma-
tion uncertainties affect the complete data set in the
same way. In general, the application of RTS offers
the possibility of reducing the influence of inaccurate
trajectory information and results in an improved (ba-
thymetric) point cloud. Although most publications
focus on terrestrial platforms (Vaidis et al.,, 2023;
Kalin et al.,, 2023; Kerekes & Schwieger, 2018) or
airborne platforms (Dammert et al., 2025b; Maxim et
al.,, 2017), RTS-based positioning of water surface
vehicles has also been subject to discussion (Hesse
et al., 2021; Popielarczyk, 2016) but lacks a detailed
investigation of its achievable uncertainties and ad-
vantages. However, RTS can only measure the posi-
tion of the multi-sensor system and require IMU data
for additionally obtaining the platform’s orientation
(roll, pitch, and yaw) and, thus, a full 6-Degree-of-
Freedom (DoF) trajectory estimation, which consists
of three translation and three rotation elements.

In this study, we present a hardware-based ap-

proach using RTS measurements to geo-reference
a multbeam echosounder (MBES) multi-sensor
system. The general idea, already described in Hesse
et al. (2021) and in Popielarczyk (2016), is motivated
by the high measurement accuracy of RTS and their
independence from GNSS multipath effects and
signal obstructions, e.g., by quay walls, trees, and
mountains or, more recently, signal jamming. Recent
studies show that, in particular, the height accuracy
of RTS offers superior accuracy compared to GNSS
(Dammert et al., 2025b; Popielarczyk, 2016).
The integration of time-synchronized RTS data with
the onboard data of the survey vessel, namely IMU
and MBES, to obtain 6-DoF trajectories is also a
topic of recent research. Classic sensor integra-
tion for hydrographic multi-sensor systems employs
real-time Kalman Filtering based on position informa-
tion measured by GNSS and the attitude data of an
IMU to estimate the trajectory of the system (Groves,
2018). In post-processing, these trajectories are usu-
ally refined by employing Post-Processed Kinematic
(PPK) GNSS and replacing the sequential filter by a
forward-backward smoother (Gong et al.,, 2013).
The data of the mapping sensor, e.g. MBES, is di-
rectly geo-referenced with this trajectory, leading to
a geo-referenced 3D point cloud. Recent work on
Kalman Filtering for RTS data makes direct use of the
polar elements observed by the RTS enabling tight
coupling with IMU data and allowing separate evalua-
tion of distance and angle measurements (Thalmann
& Neuner, 2024). Although they present the example
of a tilt compensating prism pole in their work, the
concept can easily be transferred to multi-sensor
systems in general.

IHR VOL. 31 - N° 2 — NOVEMBER 2025 m

®

~

IHO




Py
@

IHO

To fully leverage the potential of highly accurate tra-
jectory information by RTS, we use a state-of-the-art
software-based approach originating from airborme
laser scanning (ALS) which leverages correspond-
ences in the point cloud to optimize the trajectory
estimation. For this, we make use of the multi-sensor
trajectory estimation approach described by Poppl et
al. (2024) integrating GNSS, IMU, and LIDAR meas-
urements, and adapt it by replacing GNSS with RTS
positions and LIDAR data with MBES data.

This multi-sensor adjustment enables, in addition
o the estimation of the 6-DofF trajectory and the IMU
errors, the reliable estimation of boresight and lever
arm parameters based on the complete data set.
Therefore, the traditional misalignment calibration
using a Patch Test (Gueriot et al., 2000), which usu-
ally focusses on (manually) aligning only a small part of
the survey data to estimate the angular offsets of the
MBES sensor head, is here replaced by a numerical
approach that considers the complete available data
set. This shift toward numerical, algorithmic methods
which make use of the complete data set is further
supported by the advantages outlined in Le Deunf et
al. (2020) and Skaloud & Lichti (2006). Among the
most important advantages are the increased objec-
tivity and repeatability of this automated calibration. In
addition, the least-squares-based approach has, due
1o the use of the complete data set, redundancy and
can thus provide a measure of precision.

The resulting highly accurate RTS-based MBES
data set allows a reliable comparison of the MBES
data to ALB data. When using GNSS-based geo-ref-
erencing for both, MBES and ALB, the precise regis-
tration of both data sets is only possible when using
submerged geometric features. For bathymetric data
sets the ground is one such feature and structures
with diverse orientations as are e.g. available in air-
bore laser scans of urban scenarios are lacking.
The ground is usually nearly horizontal and thus offers
little information for the horizontal registration of the
point clouds. With our RTS-based MBES data set,
we can register the ALB data without relying on sub-
merged geometric features. To minimize the impact of
geo-referencing uncertainties on the ALB data, they
are indirectly geo-referenced using reference planes
in the study area, from which the plane parameters
are known based on RTS measurements.

In our contribution, we present a decentralized mul-
ti-sensor system consisting of an RTS and an MBES
equipped with an IMU together with an integrated
geo-referencing approach and thorough evaluation
thereof. The three main contributions are: (i) the in-
tegration of MBES and RTS with tight IMU coupling,
(i) the assessment of the resulting geo-referenced
point cloud compared to an analogously processed
GNSS-based data set, and (i) the comparison of the
former data set to an ALB data set.

Qur article is structured as follows: Section 2 fo-
cuses on the available data sets and the sensors
used for data acquisition. In Section 3, we first
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describe our approach to sensor fusion of RTS and
IMU, and GNSS and IMU, respectively (Section 3.1)
and then describe the additional integration of MBES
data (Section 3.2). We also elaborate on the error
exhibited by not adapting the sound velocity correc-
tion when optimizing the trajectory. In Section 4, we
evaluate the precision of the resulting point clouds
and analyse the impact of different swath widths on
the precision. We also compare our RTS-based data
set with the GNSS-based data set and compare our
RTS-based MBES data set with ALB data. We end
with a discussion of our results in Section 5.

2 Data set and study area

Our study is based on a data set acquired at Lake
Erlauf (Fig. 1) in Austria. The data set consists of data
acquired by MBES and ALB. The MBES data used
in our study employ a Norbit Winghead i77h MBES
(Norbit Subsea, 2021) and are geo-referenced once
with RTS and once with GNSS measurements. The
setup used is shown in Fig. 2. In additon to the
MBES survey, an ALB survey was conducted, where
a topo-bathymetric RIEGL VQ-840-G sensor was op-
erated from a helicopter platform.

2.1 Robotic total station

In our study, a Leica GRZ-122 360° prism mounted
on the boat is used as a target for a Leica MS60 RTS
(Zogg & Maar, 2020), which continuously measures
the position of the prism. The Leica MSE0 RTS is one
of the newest RTS from the manufacturer Leica. It fea-
tures very reliable target tracking, that can track the
prism even during fast movement, €.g., in Dammert
et al. 2025 this instrument is used to track an air-
porne platform at speeds of 10 m/s. Our test showed
that the tracking of fast targets is reliably possible until
about 800 m, depending on the atmospheric con-
ditions. The target tracking requires an unobscured
line-of-sight between RTS and target.

In our study, the boat was moving quite slowly and
the only observable reason for failure of the target
tracking is the appearance of specular reflection of
sunlight at the water surface in the image sensor
that guides the target tracking. In those situations,
the image sensor cannot distinguish the reflection of
its emitted laser signal from the prism from the am-
pient sunlight. If those interruptions remain reason-
apbly short, they can later be bridged by using the
IMU data, similar to handling short GNSS outages.
However, if the platform, i.e. USV, moves beyond
a threshold (depending on the settings of the RTS)
during these interruptions, and without real-time com-
munication between the RTS and the platform, the
RTS needs to be manually guided to re-establish the
target tracking.

To allow for time-synchronized measurements
of the RTS, we employ the approach described
in Thalmann & Neuner (2021) and Dammert et al.
(2025D). It incorporates a controller unit that requests
and receives the measurements of the RTS using
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O GNSS Base Station
RTS-based data patches
Bathymetric LiDAR data
B4 Areas with planes for
indirect geo-referencing
of BLS

Water depth

Fig. 1 Map for better spatial orientation within the entire study area, with colour coded water depths from GNSS-based MBES data,
extent of MBES data, and ALB data.

Fig. 2 Setup of the multi-sensor system with RTS, prism, GNSS antennas, and MBES (submerged).
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the communication interface of the RTS. For Leica
RTS, this interface is called GeoCom. The controller
is synchronized with GPS time using a uBlox GNSS
receiver that transmits the received NMEA string and
the PPS (pulse-per-second) signal to the controller.
The temporal offset and drift of the RTS with regard
to the synchronized controller are measured in the
field, and the exhibited latencies of the setup are cal-
ibrated in our laboratory (Thalmann & Neuner, 2021).
In general, the RTS has no absolute time information
but a relative time system which starts when the in-
strument is powered on. Thus, the temporal offset
yields no meaningful value. However, the drift of this
time system, which we identified and corrected for, is
about 40 ppm. After application of these parameters,
we consider an additional (extrinsic) latency of about
61 ms for the measurements of the Leica MSE0.

Our RTS data set is divided into three approxi-
mately 10 min to 15 min long patches (Fig. 1). We
used the three patches, Patches 1-3, for the evalu-
ation of our data, but due to the limited water depth
penetration of the ALB, only one of these patches,
Patch 1, is used in Section 4.3 for the comparison
between MBES and ALB.

2.2 GNSS

We process the kinematic GNSS data of our hydro-
graphic multi-sensor system in addition to the RTS
data and evaluate them in Section 4.2. All GNSS data
were acquired in ITRF2020 (Epoch 2015.0), and all
heights refer to ellipsoidal heights of the GRS80 ellip-
soid. In contrast to the RTS data, the GNSS data was
recorded consecutively without interruption, leading
to slightly larger coverage. In addition, to transform
all data sets into a common coordinate frame, we
performed four static GNSS observations of at least
1.5 hours as part of a geodetic network at the study
site. During the entire data acquisition, we used the
same local base station for all GNSS-related meas-
urements (.e. MBES and ALB).

2.3 Multibeam echosounder

MBES allow the efficient acquisition of bathymetric data
by sending out multiple acoustic beams at different an-
gles. In our study, a NORBIT Winghead i77h is used,
allowing the acquisition of 1024 simultaneous beams
or measurements in a swath perpendicular to the for-
ward direction of the vessel. The Winghead i77h uses
an Applanix Oceanmaster IMU mounted directly on
the sensor head of the MBES to record inertial data.
In our survey, the beam divergence of the MBES was
0.5° x 0.9° with a point spacing of 2-10 cm across,
depending on the water depth, and 12 cm along the
frajectory. The range resolution of the sensor is given
by the manufacturer with < 10 mm (Norbit Subsea,
2021). We acquired data with a swath width of 180°
and limited the swath width to 90° during data pro-
cessing. In Section 4.1.2 we investigate the effect of
different swath widths on the height precision of our
data. We use MBES data acquired with QPS Qinsy
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and pre-processed with QPS Qimera. We rely on the
QPS software suite for the sound velocity correction
(Section 2.4) and export the initially geo-referenced
MBES data together with the used trajectory from
the software. From this we transform the data back
into the sensor coordinate frame using the OPALS
software (Pfeifer et al., 2014) and the transformation
parameters used for the initial data acquisition with
QPS Qinsy. This data is then used for our processing,
e.g. geo-referencing using RTS position information
(Section 3).

2.4 Sound velocity data

For processing of the MBES data, we recorded a sound
velocity profile (SVP) with a sound velocity profiler in the
centre of our study area. The water depth covered by this
profile was 14 m and this profile was used for the sound
speed correction of the complete data set in the QPS
software (Section 2.3). However, we encountered large
geometric discrepancies in our data set and found that the
surface-near sound velocity, logged by the MBES, varied
between 1,444 ms™ to 1,451 ms™' for the surveyed part
of Lake Erlauf (Fig. 3). These measurements are taken by a
sound velocity profiler, mounted in the MBES sensor head,
during the survey which took about two hours. While the
surface sound velocity logged by the MBES for the loca-
tion of our SVP matches the value recorded in our SVP, the
surface sound velocities are very heterogeneous. Thus,
the measured SVP does not give a good representation
of the study area, and the depth measurements at outer
beam angles, e.g. greater than 45°, are severely affected
by this incorrect modelling of the sound velocity profile.
The acquired sound velocity data are visualized in Fig. 3 for
better understanding. We see a correlation of the sound
velocity with the extent of the underlying water column as
the survey took place in the evening, where the shallow
parts of the lake were already heated by the sun. In addi-
tion, the Lake drains into a small river on the northeastern
part, causing potential differences in the water column due
to the flow of fresh water. We find that this variation in the
surface sound velocity can, when assuming a constant
temperature gradient, impact our depth measurements by
up to 2 cm. In Section 4.1 we also elaborate on the effect
of different swath widths on the quality of the data set.

2.5 Bathymetric LIDAR

For the acquisiton of bathymetric LIDAR data, a
RIEGL VQ840-G was used in our field campaign.
The sensor was mounted on a helicopter with a flying
altitude of 100 m. For the initial processing of the ba-
thymetric LIDAR data, the manufacturer’'s processing
software, RIEGL RIPROCESS, was used. For the
refraction correction of the LIDAR data, the OPALS
module Snellius was used with 1.3355 as the re-
fractive index of water (Parrish, 2020; Mobley, 2010;
Austin & Halikas, 1976).

A local GNSS base station was set up in the study
area to allow preliminary geo-referencing of the ALB
data. However, to provide the best possible trans-
formation between the ALB data and the RTS, and
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thus MBES, data we used reference planes to in-
directly geo-reference the ALB data by aligning the
ALB data with the RTS-measured planes and elim-
inating the remaining datum shift. The workflow for
indirect geo-referencing of the ALB data is illustrated
in Fig. 4. In addition to planar features available in
the study area, six reference planes were set up in
our study area, i.e. wooden saddle roofs of 80 cm
by 60 cm. For each of these planes at least eight
points were measured with RTS. The estimated ac-
curacy of each point, in our local network, is better
than 5 mm and each plane is estimated based on a
least-squares plane-fit. By performing point sampling
on the estimated plane, we obtain a point cloud rep-
resentation of the RTS-measured planes. In the ALB
data, the points which correspond to the planes were
manually selected based on the preliminary geo-ref-
erencing of the ALB data. Then, the shift relative to
the RTS-measured planes is calculated using an
lterative-Closest-Point algorithm which only estimates
a translation vector. Thus, the ALB point cloud can
be transformed into the local coordinate frame by ap-
plying this translation vector. We refer to this as in-
direct geo-referencing with RTS. The estimated shift
is (-3.7,0.4,-5.7)" cm, which meets the accuracy ex-
pectations of GNSS in mountainous environments.
We use the ALB data in Section 4.3 to show that we
achieve bias-free data sets by using RTS-based (in-
direct) geo-referencing for ALB and MBES.

3 Method

In this section, we first describe our two sensor in-
tegration approaches for the multi-sensor system
consisting of RTS, MBES, and IMU. The first ap-
proach uses only the RTS and IMU data for the
trajectory estimation, while the second approach
additionally leverages planar-correspondences of the
MBES data for the trajectory estimation. Afterwards,
we investigate the impact of adjustment-based im-
provements of the trajectory with regard to incorrect
sound velocity correction of the MBES data.

In Fig. 5, we show our workflow, together with the
software used, to produce the geo-referenced MBES
data set. The ALB data are processed entirely in pro-
prietary software and thus omitted from our flowchart.

3.1 Trajectory estimation with RTS/IMU or GNSS/IMU
The determination of platform position and orientation,
i.e. trajectory estimation, is framed as a probabilistic
parameter estimation problem, where trajectory pa-
rameters and mounting calibration are estimated
from noisy measurements stemming from the inertial
sensors, a positioning sensor (GNSS or RTS), and
optionally a mapping sensor (LIDAR or MBES). The
use of full-rate IMU measurements and high-fidelity
modelling of the trajectory at the same rate leads to
a large number of observations and parameters in
the adjustment. A recent extension, also employed
here, addresses this by introducing an iterated down
and upsampling scheme that reduces the number
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Fig. 3 Map of the measured sound velocities near the water surface by the MBES.
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Fig. 4 Flowchart of indirect geo-referencing of ALB data based on RTS measurements.
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Fig. 5 Flowchart of data processing. Dashed lines represent GNSS timing information (Pulse-Per-Second). S-frame denotes the
sensor frame, I-frame the local navigation frame, and g-frame the global frame.

of parameters and measurements in the adjustment
while retaining the full frequency spectrum in the tra-
jectory (Poppl et al., 2025).

The original methodology was designed for ALS
applications with  GNSS  positioning and is here
adapted by substituting GNSS with RTS and LIDAR
with MBES. Each measurement type is explicitly mod-
elled by Egs. 1-3. The difference between model and
measurement is then minimized in a non-linear least-
squares adjustment. All noise is assumed Gaussian
with zero-mean, i.e. free from systematic influences,
and known covariance. The functional and stochastic
models for the inertial measurements remain the same
as in previous works (Dammert et al., 2025b; Poppl
et al., 2024). For the GNSS-based direct geo-refer-
encing of the MBES data an adjustment independent
from RTS is performed which uses the inertial meas-
urements and GNSS positions. The stochastic model
of the GNSS positions is defined by the covariance
information derived from the GNSS processing. For
our study the GNSS processing yielded estimated
standard deviations between 5-15 mm per coordi-
nate component.

Eqg. 1 gives the observation equation for the position,
where f is the measured position at time t, either from
the RTS or from GNSS, p(t) the modelled platform posi-
tion, A(t) the orientation, and /, the lever arm of the prism
or GNSS antenna respectively. The parameter €, de-
notes the gaussian, zero-mean, noise component

p=pt) + R(t)-la+e (1)

The model of the inertial measurements (Eq. 2)
considers the biases b(f) and b, (1), the scale factors
S, and S of accelerometers and gyroscopes re-
spectively, which are made up as diag(s sw,,szf) and

xf
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diag(sxw,sw,szw) respectively, as well as additive white
noise €, and €, of the three-axis accelerometer and
gyroscope. The obtained measures are the specific

force f and the angular velocity .

F=(I+8p) f(t)+by(t) +es

O = (T4 80) - w(t) + bu(t) + eu @

For the trajectory estimation, we use a local north-
east-down coordinate system (I-frame), which origi-
nates at an arbitrary selected point of our study area.
The transformation between this local coordinate
system and the global coordinate frame (g-frame),
i.e. the reference frame of the GNSS measurements,
is estimated from our static GNSS baseline obser-
vations. For the RTS-based direct geo-referencing of
the MBES data, inertial measurements and RTS po-
sitions are included in the adjustment. For simplicity,
the measurement equation for RTS is the same as for
GNSS, and the integration is done on the coordinate
level and not based on polar measurements. For the
position measurements derived from the RTS, avail-
able as Cartesian coordinates, the covariance infor-
mation of the RTS is estimated using a Monte-Carlo
simulation (Dammert et al., 2025a).

The Euclidean norm of the standard deviation of
the horizontal coordinates and the standard devi-
ation of the vertical coordinates based on the sim-
ulated distributions of the USV trajectory, derived
from RTS measurements, are shown in Fig. 6. Both
components show a small variation over the trajec-
tory, ranging less than 1 mm with a median value of
5.6 mm for the Euclidean norm of the horizontal po-
sition and 3.7 mm for the vertical position. For the
trajectory estimation, we introduce a full covariance
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matrix extracted from our simulation. Geo-referencing
of MBES data is handled using the OPALS software
(Pfeifer et al., 2014).

3.2 Trajectory estimation with RTS/IMU/MBES or
GNSS/IMU/MBES

In Fig. 7, the general workflow of the multi-sensor
adjustment is visualized. A first MBES point cloud is
obtained by using a preliminary RTS/IMU trajectory
for the geo-referencing. The introduction of MBES
data in the adjustment is performed functionally
in the same way as for LIDAR data (Poppl et al.,
2024).
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Fig. 6 Simulated standard deviation of all trajectory points
measured by RTS. Horizontal refers to the Euclidean norm of
the x and y component.
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Fig. 7 Trajectory estimation workflow in the multi-sensor trajectory estimation based on RTS, IMU, and MBES.

Based on the preliminary point cloud, the points are
sorted in a time-segmented voxel structure (Fig. 8), and
a principal component analysis (PCA) is computed for
each time segment within each voxel (Fig. 9).

The PCA results are filtered on the basis of pla-
narity conditions, and a best-fit plane, a planar feature
or feature plane, is obtained for all remaining voxels.

The corresponding observation Eq. 3 describes the
planar features, derived from the MBES point cloud,
using the plane centre ¢ and plane normal /. Planar
features in the same voxel and with similar plane ori-
entation are assumed to correspond to the same
planar object. The planar object is then defined by
its plane centre ¢ and its plane normal n. Using these
definitions, three constraints are defined which de-
scribe the normal distance between the planes and
the slopes of the object plane with reference to the
feature plane axes k& and k=, which are orthonormal
to each other as well as the plane normal n. Here,
€n,k1,k2 denotes again the noise components.

-k
0="""1 4 e 3)
n.
N_k
O:n ~2+€k2
n.

Planes within the same voxel but different time
segments are matched and merged into one
object plane (Fig. 9). Correspondences between
feature planes and object planes are formed,
which in turn are introduced in the adjustment as
three observations (Eqg. 3): the normal distance
and the slope with respect to both plane axes.
The object planes are modelled explicitly, with
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Fig. 9 For each voxel and time-cluster, a PCA is computed. All
feature planes belonging to a single cell are combined into a
corresponding object plane (Poppl et al., 2024).

three parameters per plane. Note that the core
adjustment is the same as in the previous sec-
tion, with the only difference that a new class of
observations is added: the MBES-derived plane
observations. Thus, the multi-sensor adjustment
yields an improved trajectory estimate by mini-
mizing discrepancies in the point cloud data.
For the stochastic model of the MBES meas-
urements, we rely on the manufacturer's data
sheet, which states a range resolution of about
10 mm (Norbit Subsea, 2021). In the absence of
any uncertainty specifications, we treat the range
solution as standard deviation of the distance
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measurement. However, we tested different values
for this distance uncertainty and found the effect on
the estimated trajectory to be smaller than 2-3 mm
and thus neglectable.

Although the measurement equations and the fea-
ture extraction and matching process are the same
as for the LIDAR case, the extraction parameters have
1o be adapted to account for the different point den-
sity, error characteristics, and environment geometry
in MBES data. Voxel size and time segment length
must be chosen so that sufficient points are available
for a plane-fit within each voxel and time segment.
A large voxel size is generally more robust as more
points are available for the PCA within each cell but
may result in decreased precision as the fidelity of the
plane model decreases because the assumption of
planarity is generally violated at larger scales. On the
other hand, a small voxel size enables better plane
approximations for smaller features in the environ-
ment geometry but may result in a large amount of
spurious correspondences. Additionally, a small voxel
size results in a large number of observations in the
adjustment and thus require computational effort to
solve the adjustment problem or additional filtering of
planes. Thus, the choice of voxel size is generally a
trade-off between precision of the plane model, ro-
bustness of correspondences and computational ef-
fort. Here, a voxel size of 1 m and a maximum time
segment length of 3 s are used. The time segment
was selected to allow the separation of different
survey strips, while, as stated in Péppl et al. (2024),
including at least two voxels even for the slower parts
of our survey. In the final step of the multi-sensor ad-
justment, the original MBES data, in the s-frame, is
geo-referenced using the final trajectory (Fig. 7).

3.3 Impact of small orientation changes on sound
velocity correction

The optimization of bathymetric MBES data holds a
key challenge. The range and refraction correction,
necessary to compensate for the transition between
different layers of the water column, is usually applied
to the initial geo-referenced data. After estimation of
an improved trajectory, ideally the uncorrected meas-
urements would be used and the sound velocity
correction re-computed based on the new trajectory.
However, for our study, the uncorrected measure-
ments are not available, therefore, we estimate the
error exhibited by not re-computing the sound velocity
correction. For our data set, our pre-investigation re-
veals that the resulting error caused by neglecting this
re-application of the refraction correction is smaller
than our expected measurement noise. To demon-
strate this, we assume a sound velocity profile with
constant gradient g, and use the corresponding equa-
fion to calculate the measured depth z given in (HO,
2005):

z:/T(CO—i—g-z)-cos(H)dt (4
0
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We use the measured surface sound velocity ¢,
of 1445 ms~" and the measured sound velocity gra-
dient g of about 1 s7' We perform our calculation for
beam angles 8 between 0° and 75° and a signal
one-way run time At/2 between 4 ms and 16 ms, de-
pending on the beam angle, which corresponds to a
constant water depth of approximately 6 m, which is
the average water depth of our study area. To assess
the impact of an improved boresight misalignment
or vessel orientation on the calculated depth value,
we vary the beam emission angles by steps of 0.1°
petween 0° and 0.5°. Improvements of the vessel
position do not have a significant impact on the nec-
essary correction of sound velocity. Horizontal shifts
of the position have no effect, if we can assume prac-
tically identical sound velocity profiles in the range of
the position shift, which is usually in the range of a
few cm. A vertical shift of the platform would also shift
the application point of the sound velocity profile and
thus shift the vertical coordinate of the water bottom
measurement itself but not affect the applied correc-
tion which is relative to the MBES. The estimation of
varied beam emission angles is shown in Fig. 10.

We can conclude that, for near-nadir soundings, the
effect on the depth measurement is negligible, inde-
pendent of the variation of the beam angle. However,
for soundings with larger beam angles, e.g. a beam
angle of 45°, a change in MBES orientation of 0.5°
leads to a 6 cm different depth. For small changes of
less than 0.1°, the deviation of about 1 cm is smaller
and below the measurement uncertainty of the MBES.
Thus, the error introduced by relying on the initial
sound velocity correction of the acquisition software
increases with the beam angle and the variation of
the sensor orientation. In general, this means that we
need to include the sound velocity correction in the
multi-sensor adjustment when processing acoustic
data. However, for the study at hand, we see that the
rotation deviations between the initial trajectory and
the trajectory estimated in the multi-sensor adjust-
ment are below 0.06°. When separating the different
angles, the yaw angle shows the largest differences,
while the pitch and roll differences are smaller than
0.071°. In addition, the estimated improvement of the
poresight misalignment shows values below 0.05°.
Conseqguently, the change of rotations is smaller than
0.11°. Thus, with reference to Fig. 10, we conclude
that the error introduced due to not re-applying the
sound velocity corrections is smaller than 1 cm, for
soundings with beam angles less than 45°, and
therefore acceptable.

4 Results

In this Section, we first analyse our RTS-based MBES
data set, resulting from the multi-sensor adjustment.
In Section 4.1 we analyse the height discrepancies,
i.e. precision, in the overlap areas of the MBES data.
For this we compare the precision values from direct
geo-referencing and after the multi-sensor adjust-
ment and show the improvement achieved through
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the multi-sensor adjustment. We also focus on the
effect of different swath widths on the precision.

Afterwards, in Section 4.2, we compare the RTS-
based data set to the GNSS-based data set using
the trajectory residuals of the adjustment, the final
trajectory differences, and the resulting precision of
the RTS- and GNSS-based data sets after direct
geo-referencing and after multi-sensor adjustment.
These comparisons show the improvement that the
RTS-based data set allows compared to the GNSS-
based data set. Finally, in Section 4.3, we compare
the MBES data, geo-referenced by RTS, to the ALB
data, indirectly geo-referenced by RTS with the refer-
ence planes. The comparison is performed first in a
quantitative comparison that shows the height differ-
ences between both data sets. This is followed by a
qualitative comparison that focuses on the character-
istics of both data sets.

While we can conduct the latter comparison in the
I-frame, the comparison of the RTS-based data set
to the GNSS-based data set is done in the g-frame.
This introduces the transformation uncertainty, based
on the static GNSS baselines, in our results.

For all point cloud processing and raster opera-
tions described in this Section we use the scientific
point cloud processing software OPALS (Pfeifer et
al., 2014).

4.1 RTS-based MBES data

For the relative evaluation of the geo-referencing
quality of our data sets, we rely on the Quality
package of OPALS described in Ressl et al. (2008).
We focus on the precision of the directly geo-ref-
erenced data set and the data set resulting from
the multi-sensor adjustment. For quality evaluation,
each strip is converted into a digital elevation model
(DEM) using a grid size of 20 cm and moving
planes interpolation. The overlaps of all strips, using
a swath width of 90°, are determined. Especially
in the shallower part of Lake Erlauf we have very
little overlap between the different strips in our data
set (Fig. 1). Thus, the precision can mostly be cal-
culated for the deeper sections of the study area.
After matching the strips into pairs, the DEM of
Difference (DoD) model is calculated for each over-
lapping strip pair.

4.1.1 Precision of RTS-based MBES data

Fig. 11 shows the aggregated differences of the
DoDs of all 84 strip pairs after direct geo-refer-
encing using the RTS/IMU integration (left) and
after multi-sensor adjustment (right). It shows that
the change in the mean value is negligible and
that both distributions are roughly cantered around
7 mm to 8 mm. However, the standard deviation
of the differences is reduced by 33 % after mul-
ti-sensor adjustment. Most importantly, the number
of values that exceed the range from -10 cm to
10 cm (orange overflow bins) reduces from 6 % to
2 %. Consequently, the multi-sensor adjusted data
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set shows the expected outcome of increased
precision of the data due to the consideration of
the MBES information.

4.1.2 Effect of swath width

Due to the larger impacts of orientation uncertain-
ties, sound correction uncertainties and, in general,
a longer interaction with the water column, the outer
beams of a swath are less accurate than the inner
beams. In Lucieer et al. (2016), the increasing uncer-
tainty of multibeam systems with increasing distance
to the nadir beam is investigated on the basis of sim-
ulations. In (Grzadziel & Waz, 2016), experiments are
carried out and a swath width of 90° is recommended
as the most effective swath width. Thus, we focus on
data with a swath width of 90° but also investigate
the effect of different swath widths on the resulting
precision. However, we only limit the swath width in
post-processing. Fig. 12 shows the distribution of the
precision of all strip pairs after the multi-sensor adjust-
ment for increasing swath widths ranging from 30° to
180°. The figure shows the mean and median values,
as well as the 60th, 70th, 80th, and 90th percentiles.
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Fig. 12 Distribution of the precision (i.e. height differences) over all strip pairs for increasing swath widths after multi-sensor

adjustment.

In general, we see a decrease in the exhibited preci-
sion with increasing swath widths. Regarding the best
possible precision, we can conclude that a swath
width smaller than 60° provides the best results, as
the narrow beams of an MBES are generally more
accurate than the outer beams. While many factors
contribute to the lower accuracy of the outer beams,
e.g., footprint size, signal attenuation and incidence
angle, the inaccurate SVP used in our study also has,
due to the longer interaction time of the signal with
the water column, a large effect on the precision for
larger swath widths. Consequently, a narrow swath
width of 60° might be most useful when performing
multibeam surveys aiming at highest accuracy. At a
swath width larger than 100° we see an amplifica-
tion of the increase of the point cloud discrepancies.
However, it is worth noting that these particular values
depend on the specific data set, e.g., water bodly,
availability of sound velocity data, and MBES system.
For our data set it is reasonable to use a swath width
of 90° as compromise between accuracy and effi-
clency / strip overlap as a swath width of 60° would
lead to an insufficient overlap for our investigation.
These results should be especially interpreted in the
context of the different sound velocities shown in
Fig. 3, as our imprecise sound velocity profile leads
to these large discrepancies in the outer swath areas.

4.2 Comparison of RTS- and GNSS-based data
set

In this subsection, we compare our RTS-based data
set with the GNSS-based data set for the areas
where both are available (Patches 1-3). Both data
sets follow the same processing workflow (Sections
3.1 and 3.2) and are thus comparable. We first focus
on the exhibited residuals of the (multi-sensor) tra-
jectory estimation process and then compare the
resulting trajectories directly. Afterwards, we compare
the precision exhibited by both data sets.

m P-1 THE INTERNATIONAL HYDROGRAPHIC REVIEW

4.2.1 Residuals of trajectory estimation

Fig. 13 shows the residuals of the trajectory estima-
tion as part of the multi-sensor adjustment. When
analysing those residuals, we see that the Euclidean
norm of the horizontal trajectory component of the
RTS- and GNSS-based data is quite similar with me-
dian values of 2 mm and 4 mm, respectively. The
interquartile range (IQR) shows a spread of 2 mm
(RTS) and 3 mm (GNSS). As the horizontal compo-
nent is given as the Euclidean norm of the along- and
across-trajectory component, a median value of zero
is not expected. The vertical component exhibits a
strong difference for both data sets. While the RTS
data show a median of O mm with an IQR of less than
1 mm, the GNSS data show a median of O mm with
an IQR of 12 mm. Thus, while the horizontal resid-
uals are quite similar with the RTS showing slightly
smaller residuals than the GNSS, the vertical resid-
uals are more than ten times smaller for the RTS
data set. It should be noted that, while the residuals
show the agreement between the three subsys-
tems (RTS or GNSS, IMU, and MBES) considered
in the multi-sensor adjustment, they do not reflect
the absolute accuracy of the trajectory, because the
absolute positioning system (RTS or GNSS) has no
redundancy.

4.2.2 Trajectory comparison of RTS- and GNSS-
based trajectory estimation

Fig. 14 shows the horizontal (Euclidean distance)
and vertical discrepancies of the trajectory estimates
pased on RTS and GNSS of the position part of the
trajectory for the data Patch 3. For the calculation of
the absolute trajectory errors, we use the trajectory
evaluation package trajectopy (Tombrink et al., 2024).
The horizontal differences (Euclidean distance) show
strongly varying values that range up to 8 cm with
a mean value of about 3 cm. However, the average
deviations of x and y are close to zero. The vertical
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component shows a similar strong variation with an
overall upward trend but has a mean value close to
zero. Based on the adjustment residuals and the-
oretical knowledge of the height accuracy of both
RTS and GNSS measurements, we can allocate the
vertical discrepancies largely to the accuracy of the
GNSS measurement.

4.2.3 Comparison of precision

We also compare the precision for the RTS-based
data (Section 4.1.1) with the differences obtained
from the analogue GNSS processing. These results
are shown in Fig. 15 for both steps, RTS/IMU-based
direct geo-referencing and multi-sensor adjustment.
There, the precision over all 84 evaluated strip pairs
is aggregated and shown as box plots. First of all, we
see a higher variation of the precision for the directly
geo-referenced data sets, which is in agreement with
Fig. 11. For those directly geo-referenced data sets,
we see a larger variation for the GNSS data than for
the RTS data. Regarding the IQR, GNSS achieves a
value of 12 cm and RTS of 8 cm. After performing the
multi-sensor adjustment, both distributions are sim-
ilar with an IQR of 4 cm, showing the large weight of
the MBES observations in the adjustment process.
Note that the precision does only show the relative
agreement between the survey strips, and the similar
IQR values of GNSS and RTS after the multi-sensor
adjustment does not mean that both data sets have
a similar accuracy. However, we observe that the
GNSS-based data set shows approximately 50 %
worse precision than the RTS-based data set for di-
rectly geo-referenced data sets.

4.3 Differences between MBES and bathymetric

LiDAR
For comparison between MBES and ALB, we use the
final MBES data sets resulting from multi-sensor ad-
justment based on RTS. Due to the adjustment, the
effects of lever arm and boresight misalignment errors
are minimized, and, due to the RTS-based geo-refer-
encing of the MBES data and indirect geo-referencing
of the ALB data with reference planes, the impact of
geo-referencing uncertainty is reduced for both data
sets. This approach enables a comparison of both
techniques that focusses on the sensors (MBES
and ALB) themselves and minimizes the impact of
the geo-referencing uncertainty. Due to the lack of
reference data in our study, we use this comparison
as quality assessment. For our comparison, we use
the overlap region of the RTS-based MBES and ALB
data (Fig. 1, Patch 1).

It is important to note that, in our study, neither
of the techniques can be regarded as reference for
the other as we assume both techniques to have
similar accuracy values. Consequently, this compar-
ison shows the agreement of both techniques and
should serve as motivation for future work where,
(i) both techniques can be compared based on re-
liable reference data or (i) the integration of MBES

https://doi.org/10.58440/ihr-31-2-a14

~

10+
— 51
£
E,
S o :
©
[72]
i

_5_

Component
I Horizontal
109 =3 Vertical s
RTS GNSS

Data

Fig. 13 Residuals of the multi-sensor adjustment combined over all RTS data patches.

80

Vertical

604 —— Horizontal

Deviation [mm]
N N
o o

o
1

_20 .

_40 B T T T T T T
60600 60700 60800 60900 61000 61100 61200
Time of day [s]

Fig. 14 Discrepancies between RTS- and GNSS-based trajectory estimates.

0.2
E

[0]

g o

[

o

(0]

: %
fe>

N -0.1- D

~0.2-
GNSS DG GNSS MSA RTS DG RTS MSA
Data set

Fig. 15 Precision of all strip pairs for RTS and GNSS data sets, after direct geo-referencing (DG),
and after multi-sensor adjustment (MSA).

and ALB data can be improved by use of the hard-
ware- and software-based approaches presented
in our study.
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4.3.1 Quantitative comparison

We compute a DoD grid model for the comparison
of both data sets. Both DEMs that serve as input,
represent the combined point clouds of the MBES
and ALB data, respectively, considering all acquired
strips. For the gridding of the point clouds, we use
moving planes interpolation and a grid size of 0.5 m.
We found the grid size of 0.5 m to allow for robust
results that show an acceptable noise level while still
giving a high spatial resolution. To allow a reliable
comparison of both DEMs, we exclude cells with a
point density lower than 15 points per m2, which cor-
responds to the 2.5" percentile of the point density

0
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Fig. 16 Histogram of the computed differences between RTS-based MBES data and ALB.
Orange bins sum up all values that exceed -0.2 or 0.2 m, respectively.

[ undefined

Fig. 17 Map of the differences between RTS-based MBES data and ALB.
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of the ALB data, for the ALB and MBES data. We
do this to exclude areas which show incomplete cov-
erage, e.g. because they are too deep for the ALB to
penetrate.

Figs. 16 and 17 show the differences between the
ALB and the MBES data set as a histogram and as
a map visualization. The distribution of the differences
shows a slightly asymmetrical shape with a nega-
tive centre and a mean value of -2.1 cm. The median
value is -1.4 cm and the standard deviation is 4 cm.
The asymmetric shape of the histogram is also repre-
sented by the percentiles, which show that 75 % of
the differences are smaller than 5 mm and 95 % are
smaller than 2.5 cm. We clearly see that the ALB
measures lower height values than the MBES. The or-
ange bars in the histogram are outlier boxes, which
aggregate all values lower or higher than the value
range, i.e. -20 cm and 20 cm. Therefore, the boxes
show the share of outlier measurements, which is
about 3 %. Together with the map visualization (Fig.
17), we see that outliers occur mainly in the deeper
areas of the study site, where the extraction of water
bottom points from ALB is hardly possible due to
signal attenuation. This fact is then seen in the higher
measurement noise. In general, the ALB was able
to extract bottom points untl 10 m water depth.
Additionally, in the central part we see an artifact of
negative difference, coloured red, which presumably
originates from a single ALB strip being slightly lower
than the remaining flight block. Finding the reason
for the asymmetry of the differences between ALB
and MBES is beyond the scope of this article and
will be addressed in our future work. However, pos-
sible reasons can be the refraction coefficient, signal
processing of the ALB waveforms, or an undetected
rotation between the ALB and MBES data.

4.3.2 Qualitative comparison

We also take a closer look at the key differences
between the MBES and ALB data sets. The MBES
has a smaller footprint and a higher point density
resulting in a denser point cloud. For example, the
MBES footprint is about 8 cm x 14 cm at 10 m water
depth (beam divergence of 0.5° x 0.9°) and the ALB
footprint is approximately 20 cm x 20 cm (beam di-
vergence of 0.115°). This is visualized in Fig. 18 (left),
where the dense swath of the MBES (blue) and the
comparably sparse lines of the ALB (red) are visible.
In addition, the larger line spacing of the LIDAR can
be seen. However, when considering the platform ve-
locities, MBES about 1 ms~" and ALB about 15 ms™',
the ALB actually exhibits temporally closer lines than
the MBES. In Fig. 18 (right), the vertical spread of one
strip of MBES and ALB data is shown for a vertical
section with a width of 2 m. Although the MBES data
are much denser than the ALB data, we see that the
vertical spread of the ALB is comparable to or even
smaller than the spread of the MBES data. However,
similar to Fig. 16, we observe a tendency of the ALB
data to be lower than the MBES data.
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5 Discussion

When discussing the use of RTS for trajectory es-
timation of kinematic multi-sensor systems it is
important to keep the limitations in mind. First of
all, the RTS relies on an unobscured line-of-sight
towards the target. Secondly, the range of the auto-
mated target tracking is limited. The threshold value
depends on the weather, e.g., rain, mist or certain
sunlight conditions reduce the achievable range, and
on the prism. In our tests, we found a range of 800
m to be a conservative and reliable estimate for the
range threshold when tracking fast moving targets,
e.g., airbome drones. In the context of bathymetry,
where speeds are often lower than for airborne plat-
forms, the target tracking, at least of the modern RTS
models, is very robust. The lower speed also allows
to re-establish the target tracking on-the-fly if the
target tracking fails, e.g. due to a line-of-sight inter-
ruption. In terms of trajectory estimation, those short
measurement gaps can be regarded similar to GNSS
outages that appear e.g. under bridges. Those short
gaps can easily be bridged by the relative position
information of the IMU. The limited range of RTS re-
stricts our proposed RTS-based trajectory estimation
to inland waters, harbours, and shorelines. However,
these are often the areas where highest accuracy is
required and GNSS signal obstructions usually occur,
e.g. by quay walls.

In general, our contribution shows two separate
approaches to improve the overall quality of hy-
drographic data: () the application of RTS for more
accurate trajectory measurements, which is a hard-
ware-based approach, and (i) the multi-sensor ad-
justment making use of all available information during
the trajectory estimation, which is a software-based
approach. While (i) is limited to inland and coastal
waters that allow the tracking and measurement of
the target platform from a shore-based RTS, (i) is
applicable for inland and maritime waters. The main
limitations for (i) are thus the limited range of about
800 m and the requirement to be able to set up an
RTS. On the other hand, (i) requires position (RTS
or GNSS) and IMU data together with an MBES or
LIDAR point cloud and stochastic information for all
input data. Thus, it is applicable on most bathymetric
data sets. However, (i) allows accurate trajectory in-
formation with accuracies in the sub-cm level leading
to a potentially very accurate bathymetric point cloud.
The multi-sensor adjustment (i) is limited by its input
data. Thus, without accurate trajectory or reference
data the resulting point cloud might be precise, i.e.
show little discrepancies, but have a lower accuracy.
While (i) and (i) complement each other very well,
both approaches can be used independently to im-
prove the quality of bathymetric data.

For our data set, the multi-sensor adjustment ex-
cels at creating consistent data. \We see a decrease
in the strip differences by 33 % when processing
our data set with the multi-sensor adjustment, since
the point cloud information is used to minimize the
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Fig. 18 Characteristics of MBES and ALB: Horizontal plane (left), vertical cross section (right).

discrepancies. The results highlight the importance
of integrated, multi-sensor processing strategies in
obtaining high-precision data sets. However, such
processing strategies are unable to detect systematic
shifts of the data, e.g. due to geo-referencing uncer-
tainties, without the use of additional information such
as reference geometries. Thus, it works well along-
side sensors such as RTS, which are used to deter-
mine accurate, absolute trajectories, to obtain a data
set with high precision and accuracy.

However, while for data on dry land, the multi-sensor
adjustment leverages the abundance of different
exhibitions of man-made features or planar objects in
the point cloud, bathymetric point clouds usually show
less distinct features. With the correct parametrization,
the planes can be fitted to the water bottom. These
planes are mostly horizontal, which does not con-
tribute much regarding the horizontal position of the
point cloud. Thus, point-cloud-correspondence-driven
approaches can be expected to perform worse for
bathymetric point clouds than for topographic point
clouds due to the less diverse exposition of planar fea-
tures. This is one of the reasons, why our study shows
the large value of employing both, RTS-based trajec-
tory estimation and the multi-sensor adjustment of the
entire data, to generate a data set with high precision
and accuracy.

For the RTS-based data set, the residuals of the
multi-sensor trajectory adjustment show only slightly
better values for the horizontal component compared
to the GNSS-based data set. In contrast, the vertical
residuals are more than 10-times smaller for the RTS
data. This shows overall, the superior accuracy of the
RTS-based trajectory compared to the GNSS-based
trajectory.

However, the residuals only show relative discrep-
ancies between the measurements of RTS or GNSS,
IMU, and MBES. The horizontal coordinates of the
RTS and GNSS trajectories, on the other hand, show
much larger deviations. Although the horizontal resid-
uals of the multi-sensor adjustment suggest only low
discrepancies between the RTS and GNSS-based
trajectories, the direct comparison of the RTS and
GNSS-based trajectories reveal horizontal and ver-
tical discrepancies at the cm-level. However, without
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a reliable reference, those discrepancies cannot be
attributed to either of the sensor systems. But the
known uncertainty information of GNSS and RTS
suggests that the main influence comes from GNSS.
Thus, the small horizontal residuals of GNSS can be
explained by the high temporal correlation of system-
atic GNSS errors (Luo et al., 2019; Wang et al., 2022)
that are not detected in the trajectory estimation but
cause a systematic absolute displacement of the
point cloud. This systematic displacement can then
be seen in comparison with the RTS data. However,
for detailed investigations of the accuracy of GNSS
and RTS, topographic airborme LIDAR should be
preferred (Dammert et al., 2025b) as the uncertainty
introduced by the water column is avoided and reli-
able reference data are easier to acquire. A detailed
discussion of those influences is outside the scope
of this work. However, it is worth mentioning that the
simulated standard deviations for RTS (Section 3.1)
fit well with the residuals shown for the multi-sensor
adjustment based on RTS.

By analysing the precision of RTS- and GNSS-
based data sets, we can see that RTS-based di-
rect geo-referencing leads to better precision of the
multi-sensor system. However, in terms of precision,
the added value of the RTS is reduced when data
of the mapping sensor or correspondences of the
point cloud are included in a multi-sensor adjust-
ment. We assume that the strong similarity between
both adjusted data sets (RTS- and GNSS-based)
is largely due to the range precision of the MBES.
With a ranging resolution of 10 mm (Norbit Subsea,
2021), which we treat as standard deviation due to
the lack of any information on the systems accu-
racy, the MBES range measurements receive a high
weight in the least-squares adjustment, leading to a
large dependence of the trajectory on the MBES data
and a comparably lower weight of the RTS or GNSS
data. While we generally assume the RTS positions
to have a standard deviation of 3-6 mm, the GNSS
positions receive estimated standard deviations from
the GNSS processing software. For this study these
values range between 5-15 mm. We are aware that
these values can be very optimistic, but we do not
want to change these values by applying an arbitrary
factor to it.

The differences between MBES and ALB show a
slight underestimation of the bathymetric height by
the ALB relative to the MBES data. Due to the asym-
metrical shape of the distribution of differences (Fig.
16) and its median value of -1.4 cm, we can state
that there is no height bias, that exceeds the meas-
urement noise of either system, between both data
sets. However, the systematic overestimation of the
water depth by the ALB data set compared to MBES
can originate from various sources. Possible reasons
include the different sediment penetration character-
istics of both systems (Gaida et al., 2020), the signal
processing strategy of the ALB software, a poorly
determined water surface (Mandlburger et al., 2013),
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and an imprecise refraction coefficient used for ALB
data processing. We used a refraction coefficient of
1.33565 based on the work of Parrish (2020); Mobley
(2010); Austin & Halikas (1976) and observations of
water parameters on site. However, the differences
between ALB and MBES might as well originate from
the processing of the MBES data. Nevertheless, we
see that, by applying profound (indirect) geo-refer-
encing approaches such as RTS, the standard devi-
ation of the differences between both systems range
is about 4 cm. This magnitude motivates further in-
vestigation of the uncertainty budget of the sensors
(MBES and ALB). Such an investigation also requires
adequate ground truth, a topic which we will address
in future work. In our future work we also plan to ad-
dress the seamless integration of MBES and ALB
pased on RTS, as well as based on a combined
multi-sensor adjustment that leverages point cloud
correspondences between MBES and ALB data to
create a consistent data set that shows minimized
discrepancies in the transition zones between MBES
and ALB.

6 Conclusion

In our contribution, we present a workflow for RTS-
based geo-referencing of a hydrographic multi-sensor
system as basis for a multi-sensor-adjustment-based
frajectory estimation that leverages correspondences
in the bathymetric point cloud. We present a data
set acquired at Lake Erlauf consisting of MBES and
ALB data. We use this data set to demonstrate our
geo-referencing strategy as well as our quality as-
sessment workflow, based on height discrepancies
in the point cloud as measure of the precision. We
also investigate the impact of varying swath widths
on the precision. The dominant decrease in the pre-
cision is seen for swath widths of more than 100°,
which allows us to use a swath width of 90° and thus
make use of a good overlap in our data. However,
we assume that this sharp decrease in precision at
larger swath widths is mainly caused by the hetero-
geneous sound velocity at our study site. The quality
of the multi-sensor system's trajectory estimation is
evaluated by comparing the residuals and differences
of the estimated trajectories for RTS- and GNSS-
pased processing. Additionally, the influence of the
presented trajectory estimations based on deviations
in the MBES point cloud is analysed. We also com-
pare the resulting MBES point cloud with the ALB
data, where we rely on reference planes to precisely
register the ALB point cloud data on the RTS meas-
urements and thus the RTS-based MBES data.

The comparison of RTS- and GNSS-based pro-
cessing show that using RTS enables more ac-
curate geo-referencing, yielding about ten times
smaller height residuals in the estimation process.
Also, the GNSS-based data show about 50 %
worse precision in the resulting point cloud com-
pared to our RTS-based data. However, by lever-
aging the MBES data in the trajectory estimation in
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our multi-sensor adjustment, the precision increases
1o the same level for both geo-referencing sensors.
This large improvement can be contributed to the
high weight of the MBES observation in the adjust-
ment process. By comparing the resulting point
cloud to the ALB data, we can show that the RTS-
based data set exhibits a close-to-zero-centred
distribution of vertical differences which shows no
remaining significant bias.

By introducing accurate geo-referencing of
MBES data based on RTS, we lay the basis for
improving the integration of MBES and ALB data.
The minimization of the geo-referencing errors al-
lows not only the integration but also the com-
parison of both sensor technigues to one another
but also relative to bathymetric reference data. In
addition, the accurate registration of both data
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