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Abstract: The paper describes an autonomous water vehi-
cle (ASV) capable of autonomously mapping shallow wa-
ter environments above and below the water surface. Over
the past two years, Fraunhofer IOSB has developed a sys-
tem that is fully electrified and equipped with extensive
sensor technology (multibeam sonar, lidar, cameras, IMU,
GNSS). For autonomous navigation, the complete process-
ing pipeline was implemented, from obstacle detection
and avoidance to trajectory planning and control to multi-
sensor localization andmapping. Above water, both lidar-
based mapping and photogrammetric methods are used;
underwater, bathymetry data is obtained using sonar. The
interface to the operator is realized by an interactive digi-
tal map table, which allows intuitive mission specification
and evaluation.

Keywords: ASV, USV, autonomous navigation, au-
tonomous mapping, sonar, lidar, camera

Zusammenfassung: Der Beitrag beschreibt ein autonomes
Wasserfahrzeug (ASV), welches in der Lage ist, eigenstän-
dig Über- und Unterwasserkarten von Flachwasserumge-
bungen zu erzeugen. Am Fraunhofer IOSB wurde in den
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vergangenen zwei Jahren ein System entwickelt, welches
vollständig elektrifiziert ist und mit umfangreicher Sen-
sorik (Multibeam-Sonar, Lidar, Kameras, IMU, GNSS) aus-
gestattet wurde. Für die autonome Navigation wurde die
komplette Verarbeitungskette umgesetzt von der Hinder-
niserkennung und -vermeidung über Trajektorienplaner
und -regler bis hin zur multisensoriellen Lokalisierung
undKartierung. ÜberWasser kommen hierbei sowohl eine
lidarbasierteKartierungals auchphotogrammetrischeMe-
thoden zum Einsatz; unter Wasser wird eine Bathymetrie
mittels Sonar erzeugt. Die Schnittstelle zumBediener wird
durch einen interaktiven Lagetisch realisiert, der eine in-
tuitiveMissionsspezifikationund -auswertung ermöglicht.

Schlagwörter: ASV, USV, Autonome Navigation, Autono-
me Kartierung, Sonar, Lidar, Kamera

1 Overview

1.1 Mapping task

In order to achieve safe and efficient ship travel on our
waterways, it is of utmost importance to obtain current
maps. Loosened armourstones, unmarked infrastructure
remainders, lost anchors, wreck parts as well as relocated
riverbed load, all pose risks for safe shipping where au-
thorities can be held liable for inaccurate maps. The map-
ping process is undergoing a transformation as the wa-
terways need to be increasingly digitized to optimally run
the traffic on them. Unfortunately, the time span between
two mapping measurements of a certain location is rather
long and it would be very helpful to create maps more
frequently. This would better reflect the current state as
theremay have happened significant changes since the re-
lease date of the map which may be overlooked. This is
where (semi-)automated waterway monitoring comes into
play. Using autonomous platforms with obstacle avoid-

https://doi.org/10.1515/auto-2021-0145
mailto:angelika.zube@iosb.fraunhofer.de
https://orcid.org/0000-0002-4626-6301
https://orcid.org/0000-0001-5238-9167
https://orcid.org/0000-0002-1212-302X
https://orcid.org/0000-0002-0915-9654
https://orcid.org/0000-0003-4715-8908


A. Zube et al., Autonomously mapping shallow water environments | 483

ance capabilities enables traffic-aware mapping vehicles
that could provide many more updates to the current
state of the waterways and surrounding infrastructure.
The above-water maps provide a detailed overview of the
surrounding infrastructure and, to a certain extent, allows
inspection tasks for such infrastructure. The system de-
scribed in this paper was created to obtain both over and
under water maps of the surroundings simultaneously in
an autonomous way with the possibility of operator inter-
vention. The resultingmapsare georeferencedandprovide
a holistic view of the waterways and their surrounding in-
frastructure.

1.2 State of the art
Autonomous navigation for surface vessels is an inten-
sively studied field. Schiaretti et al. [27] gave an excel-
lent overview of 60 existing ASVs and their capabilities
with regard to autonomy up to 2017. Newer research work
with focus on propulsion thrusters for shallow waters is
reported in [20, 21]. ASVs have seen increasing obsta-
cle avoidance capabilities in the recent years, e. g., Clu-
nie et al. [5] show obstacle detection and tracking based
on a multi-sensor approach. In Ferri et al. [9] a wavefront
planner combined with a vector-field-histogram (VFH+)
is applied for path planning and collision avoidance.
Dalpe et al. [6] combined an A* search algorithm with
the potential field method in order to plan collision-free
paths. Campos et al. [2] demonstrated capable solutions
for avoiding static anddynamic obstacles in simulated sce-
narios. Some approaches concentrate especially on colli-
sion avoidance between two ships [13]. In this context, ob-
stacle avoidance research is often linked with COLREGs
(Convention on the International Regulations for Prevent-
ing Collisions at Sea) compliance, e. g., in [3, 7].

Underwater mapping tasks performed by an ASV are
shown, e. g., in [15] while localization in an existing un-
derwater map using a multi-beam echosounder (MBES) is
shown in [16]. Mapping performed above the waterline is
shown recently in [4, 31]. In Pereira et al. [23] an ASV fea-
turing a LiDAR sensor uses its mapping capabilities for au-
tonomous identification of docking structures.

The advantages of using a ROS-based architecture for
ASVs have been demonstrated in [1].

1.3 Conception
Several aspects were important when designing the ve-
hicle: First, being flexible to facilitate sensor reconfigu-
ration by employing an open software architecture. Sec-

Table 1: Characteristics of the Water Strider ASV.

Dimensions (L × H × B) 6m × 6m × 4m
Mass ∼500 kg
Autonomous mission duration ∼4h
Maximum speed ∼6.5 kn (∼12 km/h)
Agility (Turn radius) 1.5m
Propulsion 2× 2 kW

ond, equip the vessel with a multi-sensor setup to obtain
a comprehensive view of the surroundings above and be-
low the surface, and next, being capable of autonomously
map an area with obstacle detection. Lastly, an operator
should be able to supervise the system in real-time. Ex-
isting ASVs rarely combine all those aspects. By utilizing
the open-source software framework ROS (Robot Operat-
ing System1), multi-sensor payloads integrate seamlessly
and the setup can be changed flexibly. The data is fully
accessible at every level which eases interaction with ex-
isting sensors and systems and makes data handover to a
supervision systems equally easy. The mapping capabili-
ties as well as the obstacle avoidance is largely inherited
from our land-based mobile robotic systems.

2 Vehicle design
2.1 Mechanical construction and power

supply
TheWater Strider system comprises an autonomous inflat-
able catamaran with two motors, multiple environment
sensors, onboard computing units and a communication
system. This is depicted in Fig. 1.

A Ducky 19 catamaran was employed as a base plat-
form for the autonomous surface vehicle. Some properties
are listed in Table 1. The size and weight make the vehi-
cle a stable platform for data acquisition. Propulsion is
achieved by two electric outboard motors. The measured
maximum speed of the catamaran of about 6.5 kn with
both motors is without headwind and water flow. The ve-
hicle hardware architecture overview is shown in Fig. 2.

The vehicle features two lithium batteries and an ad-
ditional 2 kWdiesel generator. Tests have confirmed that it
is possible to run the system at half speed for more than 10
hours. Without the support of the generator, we achieved
about 4 hours of cruising time which was sufficient for
scanning a quarry pond.

1 https://ros.org

https://ros.org
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Figure 1: ASVWater Strider components: 1. Bullet M2 WiFi module,
2. Velodyne LiDAR, 3. Left camera, 4. Right camera, 5. Control Unit
Box (CUB), 6. Torqeedo batteries, 7. Rudder SD10 unit, 8. Outboard
motor (left), 9. Outboard motor (right), 10. Sonar mount.

Figure 2: Hardware architecture of the Water Strider ASV.

2.2 Communication system

A wireless mesh network is used for communication be-
tween the vessel and the shore-side remote control sta-
tion. Currently, the theoretical maximum throughput of
the used mesh node hardware is 150Mbit/s (802.11n). The
devices could, however, easily be replacedwithmore pow-
erful WiFi devices. Nodes are connected to each other over
the 2.4GHz frequency band via a WPA3 encrypted IEEE
802.11s connection. On top of that, the layer 2 mesh pro-
tocol batman-adv is responsible for establishing the con-
nection and routing packages between the nodes. A re-

Figure 3: Top: Sensor setup for above water mapping, consist-
ing of a 3D LiDAR sensor and two cameras which are attached to
the mast together with the GNSS/IMU. Bottom left: Bathyswath
sonar transducer and Sonardyne INS (used for georeferencing of the
bathymetry). Bottom right: Inside of CUB.

liable connection between individual nodes was main-
tained over distances of up to 1 km. In order to further in-
crease the operational range, additional mesh nodes were
placed along the coastline.

3 Sensors and data acquisition
The multimodal sensor setup ensures optimum coverage
and consists of the parts described in the following sec-
tions. An overview of the used sensors is shown in Fig. 1
while a closer look is given in Fig. 3.

3.1 Optical sensors

For the task of image-based mapping, two Sony
SCNEB643R IP cameras inside an IP66-protective casing
(to withstand splash water) are mounted to either side of
the mast, one facing starboard and the other one facing
port. In order to increase the overlap of the image foot-
prints between two consecutive images when the boat
is moving forward, both cameras are also slightly orien-
tated towards the front. The cameras are equipped with a
1/2.8�� CMOS sensor providing images with a resolution of
1920 × 1080 pixels. For maximum scene coverage, the fo-
cal length is set to 3mm, resulting in a field-of-view (FOV)
of 105.3° horizontally and 56.9° vertically. The image en-
coding and compression is set to JPEG with the highest
quality setting due to lack of a fully uncompressed option.
For online above water perception a horizontally aligned
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Velodyne VLP-16 3D-LiDAR (light detection and ranging) is
mounted on the mast. It features a measurement range of
about 100mwith an accuracy of typically ±3 cm. It uses 16
channels arranged in a fan shapewith a vertical resolution
of 2°. The horizontal FOV covers 360° with a scanning rate
set to 10Hz. The LiDAR is the primary sensor for obstacle
recognition and with its data an online map of the surface
and surroundings is created. More details can be found in
Kleiser et al. [17].

3.2 Sonar

A suitable sonar system for our application was the
Bathyswath-2 sonar from ITER Systems which is an inter-
ferometric sonar (or swath-sounding sonar) scanning lines
across track.

Given the two-way travel time of the sonar signal,
a range value to the reflecting surface patch is calcu-
lated. Using this information, the relative location to the
transceiver is then estimated. Systems using this tech-
nique are also known as phase differencing bathymetric
Systems (PDBS) which is different from the more common
beamformingMBES. The advantage of interferometric sys-
tems is their relatively broad swath in shallow water. For
instance, the used sonar can easily cover 500m2 per sec-
ond at a survey speed of 3 knots and 100m average wa-
ter depth. In our case at about 15m to 20m water depth,
the swath width is about 150m to 240m which leads to a
conservative estimate of about 1 km2 per hour (at 4 knots
survey speed).

3.3 Localization sensors

For localization, the sensors of anXSensMTi-G-710 are em-
ployed. It comprises an inertial measurement unit (IMU)
and an integrated global navigation satellite system re-
ceiver (GNSS) with a single antenna. Although the XSens
can deliver a localization solution, only its raw measure-
ments (3D accelerations and 3D angular rates) and global
position and velocity of the GNSS are utilized in our
own sensor fusion and mapping algorithms. As a single-
antenna GNSS is not capable of providing global heading
information, the vessel is additionally equippedwith adig-
ital solid state compass Simrad Precision 9, fromwhich the
measurement of the global heading is used. The low-cost
sensors listed do not provide a performance comparable to
much more expensive systems such as dual-antenna RTK-
GNSS. However, the goal of the system design was to keep

Table 2: Accuracy and resolution specifications of the Bathyswath-2
sonar.

Frequency 117 kHz
Operational slant range 400m
Period 8.5533µs
Wavelength 12mm
Resolution detection limit 6mm
Minimum pulse duration 17.06µs
Maximum pulse duration 8553µs
Pulse wavelength (2λ) 2.5 cm
Measurement resolution limit 1.2 cm
Resolution across track 7.5 cm
BeamWidth, Azimuth 1.7°
BeamWidth, Azimuth (2-way) 0.85°
Source level 224dB

Figure 4: Data flow overview for the Water Strider ASV.

the costs as low as possible and to compensate the de-
ficiencies algorithmically. For example, in Section 5.2.2 a
SLAM algorithm is utilized to generate a precise map by
fusion of localization sensors with 3D LiDAR data.

3.4 Software and computing

There are two computing units: A main computing unit
(Celeron 2980U) as themain sensor data hub and a second
unit (AtomD2550) dedicated to only the camera data. Both
PCs run Ubuntu 18.04. An Ethernet connection with the
local network of the boat allows for synchronization and
messaging communication. The whole catamaran system
runs on the Robot Operating System (ROS) middleware,2

where all the sensors, the autopilot, the rudder and motor
actors each feature a ROS node. This allows for easy ex-
change of sensors, given that the new sensor provides the
same data topic as the old one. All the data can be saved
with the accompanying timestamps on disk to allow for
closer inspection later on. Figure 4 gives an overview of
the data flow in our system. This will be further detailed
in Sec. 3.5.

2 https://www.ros.org/

https://www.ros.org/
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The control of the rudder was realised with general-
purpose ship hardware. The hardware-backbone is a Sim-
rad NAC-2 autopilot connected to a Simrad SD10mechani-
cal drive unit, providing the electronics needed to operate
the rudder over the system’s NMEA2000 bus. A low-level
ROS platform driver was implemented as a interface be-
tween theROSmiddleware and the rudder. The driver is re-
sponsible for sending steering commands, i. e., rudder an-
gles, and publishing the current received rudder feedback
to a ROS topic. The driver also provides basic safety fea-
tures to the ROS interface, i. e., it provides an emergency
stop functionality and ensures that manual joystick com-
mands are always preferred over autonomous control com-
mands. For the realization of the remote speed control of
the outboardmotors via ROS, the suppliedmanual throttle
lever was replaced by amodule with an RS485 serial inter-
face which is adapted to interface with ROS. This makes
the speed of the motors controllable and we are able to
parse status information like the battery’s state of charge
or the current power draw.

3.5 Sensor data acquisition

ROS drivers have been made available for all the sensors
listed in Sec. 3. The data is synchronised using ROS times-
tamps and can be stored in ROS bag files for later anal-
ysis. Clock synchronization is established using chrony.3

This ensures coherent timestamps of the ROS messages
between the system’s main computer and the computer
running the stereo cameras (Sec. 3.4). The sensors listed
in Sec. 3.3 are combined by means of multi-sensor fusion
for on-line localization and motion estimation. The image
data from the cameras is captured individually and asyn-
chronously at 5 fps. It is stored onto the local hard drive
for further processing in the formof offline photogrammet-
ric 3D reconstruction and mapping. At the moment, the
sonar system is not yet real-time capable and delivers its
data in SXR Format, which is the raw data format for of-
fline processing. During the measurement survey, the raw
data from the sonar is loaded to the on-board data storage.
The raw data contains the interferometric reflections from
the sea-bottomand the geo-data, e. g., positional andbody
movement data of the vessel.

3 https://chrony.tuxfamily.org/

Figure 5: Top: A coverage path (green line) planned inside the de-
sired area of interest (red line) and an immobile obstacle known be-
forehand. Bottom: Draft of the collision avoidance concept with cost
valley around the pre-planned path (red line) and high costs near a
dynamically detected obstacle. The collision-free path (green line)
takes course close to the pre-planned path and avoids the obstacle.

4 Vehicle autonomy

4.1 Path generation

The operator specifies the mission beforehand by draw-
ing an area of interest into a map. The system then gener-
ates amissionplan consisting of an lawn-mower pattern in
the selected area. Once the area of interest has been iden-
tified and parameters like start position, detection range
of sensors, percentage of overlapping, safety distance and
turning radius of the vehicle have all been set, a lawn-
mower path can be generated. The selected area is allowed
to be shaped complex andmay includemany immobile ob-
stacles and/or restricted areas. The path completely cov-
ers the area of interest outside of all excluded parts with
safety distance and contains as few turns as possible. See
Fig. 5 for an example of a generatedmission plan. The path
planning algorithm is described in detail in [26]. It works
also for groups of heterogeneous vehicles (land-based, air-
borne or waterborne). The path planning application is
able to serve different interfaces and in our case uses the
ROS interface and is operated by the remote control station
(see Sec. 6).

4.2 Obstacle avoidance
The generated path to cover the mapping area may not
consider all static obstacles and is in principle unable to

https://chrony.tuxfamily.org/
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cope with dynamic obstacles. Therefore, a collision-free
path has to be planned online by the vehicle that is as
close as possible to the pre-planned path but avoids de-
tected obstacles. The used algorithm toolbox has demon-
strated obstacle avoidance already for land-based vehicles
and is adapted to ASVs. It is indicator-based [32] and for
now compliance with COLREGs or similar rulesets for in-
land waterway transportation has not yet been employed.

Based on the LiDAR sensor (see Sec. 3.1) and the ego-
motion, a dynamic map of the surroundings is computed
that contains obstacles in the vehicle environment. The
map has a short-term memory, so that both static and dy-
namic obstacles can be handled.

A search-based online planning framework [24] is
adopted to plan collision-free paths close to the pre-
planned path as described in Heide et al. [14] by employ-
ing a cost function and trying tominimize the costs. To ob-
tain the costs for a path, a cost valley is assigned around
thepre-plannedpath.Near the pre-plannedpath, the costs
are very low. Maximum costs are produced at the maxi-
mum distance that the vehicle is allowed to deviate from
the pre-planned path. Closer to obstacles increasing costs
are implemented. Furthermore, the plannerminimizes the
path length and steering costs and takes kinematic prop-
erties of the vehicle into account. The optimal path then
takes course close to the pre-planned path and is able to
perform evasive motions if necessary. This is conceptually
visualized in Fig. 5.

In order to identify the kinematic vehicle proper-
ties, several zig-zag-maneuvers with different speeds were
conducted. Typical ASV models as e. g., the Norrbin
model [33], contain the yaw rate as state variable. Here, in
contrast, the motion model of the ASV is roughly approx-
imated by the simpler kinematic model of a wheeled mo-
bile robotwith four-wheel steering [24]. The state variables
of this model consist only of the 2D platform position and
yaw angle. Input values are the platform speed and steer-
ing angle. Their constraints are considered explicitly. The
only model parameter, the distance between the front and
rear wheel axes, has no physical equivalent on the ASV. It
is chosen such that the identifiedminimum turning radius
is not violated. By simplifying the kinematic model in this
way, the search space of the path planner is reduced. This
allows for fast replanning cycles, which is especially im-
portant in the presence of dynamic obstacles.

If a very large dynamic obstacle occupies the whole
cost valley width, the vehicle stops until the cost valley is
again traversable. Static obstacles that block the cost val-
ley have to be taken into account by the coverage plan-
ner for the pre-planned path. Employing smaller cost val-
leys, the vehicle follows the pre-planned path more accu-

rately, but the maximum avoidable obstacle size is then
also smaller and the initial mapping polygon has to follow
the outline of known static obstacles more closely.

4.3 Vehicle control

In order to follow the collision-free path, a multi-layered
control scheme is applied, which is covered in more de-
tail in Kleiser et al. [17]. A velocity profile is computed
for the planned path considering vehicle constraints like
maximum translational and rotational speed, and maxi-
mum acceleration. Based on the current vehicle pose, the
path controller determines the necessary vehicle speed
and heading for path following by means of a LOS-
algorithm [10]. Vehicle speed and heading are controlled
independently. For speed control, a PI-controller is ap-
plied that commands the numbers of rotation of the two
electric motors. Heading control is done by a P-controller
that computes thenecessary rudder angle. All applied con-
trol approaches have the advantage, that they do not de-
pend on a kinematic or dynamic model of the ASV.

5 Mapping

5.1 Sensor fusion

As correct localization is crucial for correct mapping, we
created a versatile fusion filter framework for localization
that is able to handlemeasurements frommultiple sources
in a timing-correct asynchronous way. Different sensor
configurations can be flexibly handled by the framework.
The fusion is based on an extended Kalman filter and in-
corporates the measurements of the IMU, the GNSS, and
the compass. The IMU’s measurements are integrated by
a strapdown algorithm and also used for attitude correc-
tion. The GNSS delivers global 3D position and velocity. If
the vessel is moving with a certain velocity, the GNSS po-
sition data is additionally used to estimate the heading of
the vehicle. As this is not possible if the vehicle is too slow
or even stopped, the compass is utilized for an additional
heading correction. For the time-correct combination of
multiple sensors, a timestamp fusion scheme is employed
in a pre-processing step. The precise but asynchronous
timestamps of the individual sensors are fused with the
clock of the computer for synchronization and drift sup-
pression (see [22] for a more detailed description). This
allows for time-aligned processing without the need for
hardware synchronization even on systems without real-
time operating systems.
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Figure 6: Offline processing pipeline for 3D reconstruction and mapping based on the image data captured by the two cameras.

5.2 Above water

5.2.1 Camera-based offline 3D reconstruction

The image data captured by the two cameras together with
the data from the GNSS, is used to perform an offline 3D
reconstruction and mapping, in order to facilitate further
processing, e. g., visual inspection andmonitoring. In this,
the processing is divided into three consecutive stages,
which, in turn, are made up of smaller steps, as illus-
trated in Fig. 6. Since the capturing and storing of the im-
age and theGNSSdata is performed individually and asyn-
chronously, the first step of the pipeline is the fusion of
both input data, i. e., the enhancement of each image with
a GNSS position. This is done by using the timestamps of
the images and the GNSS data to find a GNSS fix closest
in time to each image. With the geographically localized
image data a geo-based filtering is performed, in which all
images are rejected that do not cover the area of interest
for which a reconstruction is to be performed. To this end,
the filtering is done solely by considering the geographic
position, which also includes the image data captured by
the camera that is not facing the area of interest. In the sec-
ond stage, the selected image data, together with the cor-
responding GNSS positions, are used to create a 3D model
using the photogrammetric toolbox COLMAP [28, 29]. As
currently only image data is used for the 3D reconstruc-
tion, the resulting models are not yet given with respect
to a geographic coordinate system and lack a metric scal-
ing reference. This geographic referencing and scaling of
the resulting 3D model is done by utilizing the similarity
transform outputted by the model aligner from COLMAP
when given the related GNSS data.

For the visualization and integration of the 3D model
into the control station DigLT (cf. Sec. 6), the data is con-
verted into a 3D tile data format by the tool py3dtiles.4 This
is done in a post-processing step in the final stage of the
processing pipeline.

Figure 7 shows an image from one of the cameras con-
taining an exemplary object that is reconstructed into a 3D
model, as well as the resulting 3D point cloud colorized

4 https://gitlab.com/Oslandia/py3dtiles

Figure 7: Top: Example camera image of an object of interest which
is reconstructed into a 3D model. Middle: Excerpt of the 3D point
cloud resulting from the camera-based offline 3D reconstruction.
Bottom: Detailed view of the 3D point cloud, colorized according to
the point density (on average about 580 points per m2).

according to the point density. The shown point cloud is
reconstructed from 145 images, has a length of approxi-
mately 500m, and is made up of about 1.2 million points.
A visualization of the point cloud on the control station is
depicted in Fig. 10.

5.2.2 LiDAR-based mapping

For LiDAR-based onlinemapping, the sensors as described
in Sec. 3.5 are utilized. The individual measurements are

https://gitlab.com/Oslandia/py3dtiles
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Figure 8: Example of fusing the data from the cameras and the 3D Li-
DAR scanner. Left: LiDAR point cloud projected into a camera image
and colorized according to the distance from the camera, from blue
(near) via green to red (far). Right: LiDAR point cloud colorized with
the pixel data from the camera images.

combined by means of simultaneous localization and
mapping (SLAM) based on a factor graph [8].

The surfacemapping is a particular challenge because
the vessel is far away from the coast most of the time, i. e.,
there are often not many meaningful returns from the Li-
DAR, only spurious surface wave reflections. On the other
hand, being far away from larger structures as buildings
or forests is ideal for the GNSS having open sky condi-
tions. As the GNSS features only a single antenna, it just
contributes to the heading estimation while moving with
a certain minimum velocity. When the vessel is driving
slowly or floating, the compass is the only source for a reli-
able heading information. Consequently, the inclusion of
all sensors in the SLAM algorithm is imperative for pre-
cise and consistent mapping results, taking advantage of
a setup of sensors that complement each other. Further-
more, the integration of GNSS measurements allows for
implicit geo-referencing of the resulting map.

5.2.3 Co-registration between LiDAR and camera
sensors

To facilitate the fusion of sensor data from the two cam-
eras and the 3D LiDAR scanner, a method for target-based
co-registration between the cameras and the LiDAR is im-
plemented.

In this, the approach presented by Guindel et al. [12] is
adopted, inwhich aplanar calibration target (cf. Fig. 8 top)
with four circular holes is recorded by both the LiDAR sen-
sor and one of the two cameras. Given the recorded data,
first the silhouettes of each circular hole is extracted from
both the camera image and the LiDAR point cloud, before
the center point of each hole is determined based on the
extracted silhouettes.

This yields four 3D and 2D points for each position of
the calibration target. Since the relative positions of the
holes with respect to each other are known, the 3D and

2D center points corresponding to the same hole can eas-
ily be matched. By placing the calibration target at differ-
ent positions, arbitrary numbers of 3D-2D point correspon-
dences can be generated, from which a relative transfor-
mation between one camera and the LiDAR sensor is cal-
culated by using the OpenCV implementation to solve the
perspective-n-point problem [19].

By repeating the process for the second camera, both
cameras are localized relative to the coordinate system of
the LiDAR scanner. Since the cameras and the LiDAR sen-
sor are mounted on a fixed rig (see Fig. 3), this calibration
has to be done only once, prior to the launch of the boat.
The calibration allows to subsequently fuse the data from
the sensors for above water mapping, e. g., colorizing the
LiDAR point cloud or enhancing the camera images with
distance information (see Fig. 8).

5.3 Under water

The underwater data processing is conducted in three
stages: scan and save to data storage, download and pre-
process, filter and create surface data. First, data analysis
and pre-processing is done using the Bathyswath Swath
Processor which allows to export the raw data into for-
mats, readable by commonprocessing software (SXI, SXP).
That data is then imported into the processing software
CARIS HIPS&SIPS (CHS). This software allows to exam-
ine and filter spurious water column reflections from the
sonar data. By combining the overlapping scans of the
seafloor/riverbed a full depth map is obtained. The sonar
data processing and coveragemap creation process in CHS
is given in Fig. 9.

Filters and calibration data must be adapted in CHS if
survey settings changed. At the moment, this is the most
time-consuming part and needs manual processing of the
dataset. Once the filtering options are defined and under
the assumption that the survey conditions remain con-
stant, the sonar image processing can be done in batches
by using the CHS process automation feature. This fea-
ture allows loading the sonar data and receiving resulting
coverage maps within a short time period. The automated
sonar image processing for the scanned area in the lake
“Steingrundsee/Peterhafen” took 12minutes of processing
time.

6 Control station
The Digital Map Table (DigLT) acts as a control station. It
gives an operator the ability to plan the mission, to con-
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Figure 9: CARIS HIPS&SIPS process structure.

Figure 10: Left: DigLT device overview. Top right: Mission planning.
Bottom right: Display of current status with live LiDAR information.

tinuously monitor the activities of the autonomous vehi-
cle(s), issue mission changes if need arises, and eventu-
ally visualize the final data in 2D and 3D. The DigLT is
a browser-based system not tied to a certain hardware,
however, one may benefit to use a station specifically de-
signed for DigLT with a horizontal and vertical touch dis-
play (see Fig. 10). For mission planning purposes, basic
geodata such as maps and aerial photographs as well as
specific geodata suchasnautical charts aremadeavailable
to the operator. The basic geodata as well as the mapping
results are stored in an OGC-compliant (Open Geospatial
Consortium) format and are also delivered for visualisa-
tion using the OGC standard which enables interoperabil-
ity to many other OGC-based services. The basic geodata
such as maps and aerial images are stored on the DigLT
server system and are either retrieved directly on demand
or cached on the client in advance. In the case of direct re-
trieval, only individual tiles of the geodata in the visible
map section are transmitted in order to save bandwidth.
This results in only a few kB of data, which can easily be
transmitted via a SatCom connection. Live data such as
telemetry is also very small. Only the live video stream and

the LiDAR-based live GeoTIFF height-map require more
bandwidth. They are reduced in their frame rate depend-
ing on the available bandwidth. Communication with the
vehicle is done via the ROS framework, which is used to
transmit the mission area or manual control commands to
the vehicle as well as to receive the status of the vehicle.
After the user has defined the area to be mapped by draw-
ing a polygon, the automatic route planning is completed
and presented to the user. After confirmation of the gener-
ated mission plan, it is transmitted to the vehicle. Avail-
able control options include starting, pausing and can-
celling the mission. The basic steering functionalities can
also be made available (e. g., rudder, etc.) on the DigLT
to obtain direct control of the vehicle. The status data of
the vehicle and the captured data are shown on the DigLT
for easy interaction with the correct geo-position. In ad-
dition, all data that is put into the DigLT or created on
the DigLT is time-stamped. This allows to replay the entire
mission afterwards or to jump to any point in time during
themission. Impressions of the user interface are found in
Fig. 10. Additionally, interfacing to the vehicle throughSig-
nalK/OpenCPN is possible.More details to that are given in
Kleiser et al. [17].

7 Results and outlook

7.1 Autonomy

After theuser specifiedapolygonof the areaof interest, the
Water Strider is able to drive fully autonomously through
the whole area. The left image in Fig. 11 shows an example
of an autonomous test run of theWater Strider. The yellow
polygon represents themapping area.Within this polygon,
the red path is planned in order to cover the polygon con-
sidering the start position of the vehicle. The driven path is
shown as green line. The vehicle follows the desired path
at a speed of 1.3m/s. Even after a short failure of the steer-
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Figure 11: Two examples of autonomous test runs of the Water
Strider with mapping polygon (yellow line), pre-planned path (red
line), collision-free path (violet line), driven path (green line), way-
points (green and blue circles), and obstacles (white). (Aerial Image:
Imagery ©2020 Google, Imagery ©2020 GeoBasis-DE/BKG, Geo-
Content, Maxar Technologies, Map data ©2020).

ing system in the top corner, the vehicle is able to return
to the desired path. The path following accuracy is suffi-
cient to achieve the desired sensory coverage of the speci-
fied area of interest. The right image in Fig. 11 shows an ex-
ample of obstacle avoidance. While following the red pre-
plannedpath at a speed of 1.8m/s, the vehicle has to evade
a buoy. The buoy is detected by the LiDAR sensor and rep-
resented in the obstacle map (white). The waypoints on
the pre-planned path (green and blue circles) show the
width of the cost valley around the pre-planned path. The
waypoint radius is equivalent to the maximum distance
that the vehicle is allowed to deviate from the pre-planned
path. Due to the online-planned collision-free path, the ve-
hicle is able to keep a safety distance to the buoy and to
return to the pre-planned path after the evasive motion.
As the first tests give promising results, the obstacle avoid-
ance capabilities of the proposed concept will need to be
investigated in more detail in future studies. However, the
same obstacle avoidance algorithms have proven them-
selves already very effective inmany of our land-basedmo-
bile robots [11, 25].

7.2 Mapping

In several field tests we could confirm the ability to obtain
a wholistic view of the vehicle surroundings. The result of
a LiDAR mapping session covering about 300m × 400m
on a lake is shown in Fig. 12 overlayed to a satellite image.
The resulting fused mapping view of the high-resolution
3D reconstruction from the camera data, the LiDAR map-
ping data and the sonar mapping data is presented to the

Figure 12: Top: 3D LiDAR map over aerial image, color coded from
low (blue) via (green) to high (red). Bottom: Detail view of LiDAR
point cloud from the lowest part of the above image (color-coded by
Z-height). On the left, trees are visible while on the right a smooth
sand hill starts right at the shore. (Aerial Image: Imagery ©2021
Google, Imagery ©2021 GeoBasis-DE/BKG, GeoContent, Maxar
Technologies, Map data ©2021).

Figure 13: Left: Sea-Bottom sonar coverage birds-eye view. Right:
Oblique 3D view of sonar data. (Map data ©2020 Google).

operator in an intuitive 3D visualization. These combined
maps are shown in Fig. 14.

The sonar data was gathered using the Bathyswath 2
albeit using a 468 kHz transducer. The sea-bottom cov-
erage image from the “Peterhafen” near the river Rhine
is shown in the Fig. 13 and the resulting map comprises
about 453 000m2. The scanning process for that area took
approximately 40 minutes. Additional to the actual sur-
vey time, a calibrationmeasurement of the sonar system is
needed, which is conductedwithin approximately 20min-
utes. The calibration measurement allows to extract the
filtering and calibration data for the filter configuration
in CHS. The geo-referenced bathymetric underwater 3D
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Figure 14: Pictures of the mission area. Left: Oblique view. Right:
Detail view showing lidar data from purple (low) to green (high).
The grey point cloud derived from the cameras shows objects like a
crane.

maphas a calculated resolution of 30 cm in horizontal (XY-
positioning) and 10 cm in vertical (depth). This resolution
is a very good result given the very short survey time. How-
ever, due to echoes and damping effects, the obtainable
resolution is extremely dependent on the underwater en-
vironment and bottom sediment types. In order to recon-
struct an exemplary object with a height of approximately
40m above water, such as the crane in Fig. 7, the pro-
posed sensor setup has to have a distance of about 74m to
the object of interest. At this distance the deployed cam-
eras allow to have a maximum theoretical spatial resolu-
tion of 68mm calculated based on the intrinsic character-
istics of the cameras. The actual spatial resolution is typ-
ically lower, depending on the quality of the optics, the
visibility conditions and the fact that the image match-
ing in the process of photogrammetric 3D reconstruction
is done using image patches. Nonetheless, if the object of
interest is smaller, the distance to the object can be re-
duced,which, in turn,will not only increase themaximum
spatial resolution, but also decrease the influence of pos-
sibly reduced image quality. Furthermore, since the pho-
togrammetric 3D reconstruction is based on the calcula-
tions from multiple camera positions, the density of the
resulting point cloud is typically higher than the spatial
resolution of a single camera as indicated by the results
below. An excerpt of the point cloud that is computed from
the camera images by the offline photogrammetric 3D re-
construction is given in Fig. 7. The figure in the middle
reveals that the presented pipeline produces visually ap-
pealing and high quality point clouds. Even though there
is no ground truth of the designated area of interest avail-
able, against which a thorough quantitative evaluation of
the 3D reconstruction could be performed, the accuracy
achieved by the COLMAP toolbox has been evaluated and
proven in its original publications ([28, 29]) as well as in
a number of publically available benchmarks ([18, 30]).
However, we investigated the point density of the result-
ing point cloud as shown at the bottom of Fig. 7. For the
considered area of interest with a length of about 100m,

from which 150 pictures were captured in two passes with
an orthogonal distance of approximately 18m and 60m
from the shore, a point cloud consisting of about 1.5 mil-
lion points with an average density of about 580 points
per m2 was reconstructed. This results in an average spa-
tial resolution of 1.7 cm. In areas of maximum point den-
sity, with about 2000 points per m2, the spatial resolution
even drops to 0.5 cm. This allows for an inspection of the
structure of the object of interestwith respect to significant
changes or damage. In order to find small cracks or defects
in the structure, however, a subsequent meshing and tex-
ture mapping is required.

7.3 Outlook

In the future we plan to employ cameras with higher im-
age resolution, improved optics and with uncompressed
imagery output to further increase the quality of the pho-
togrammetric 3D reconstruction. We also plan to improve
the image selection for the reconstruction by additionally
including the orientation of the vessel, in order to consider
only imagedata that is actually depicting the area or object
that is to be reconstructed. Since the LiDAR and the cam-
eras are mounted apart from each other, the LiDAR also
scans areas which are occluded in the FOV of the camera,
resulting in a wrong projection of the background on ob-
jects standing in the foreground, as seen on the calibra-
tion target at the top in Fig. 3. This can be overcome by
implementing an occlusion detection algorithm. However,
due to the sparse nature of the point cloud from the LiDAR
scanner, this is a challenging task.

As the underwater mapping and the bathymetric data
is currently processed offline, the sonar system is not yet
usable for navigational and explorative tasks. Therefore,
further steps are the inclusion of the sonar and DVL data
into the ROS data flow in order to not separate the sonar
processing but to include the sonar measurements simi-
lar to the LiDAR measurements in an online fashion. This
requires to employ similar sonar data filtering techniques
as in commercial software packages for online usage. Ad-
ditionally, the DVL data can aid ego-motion estimation in
GNSS-denied environments (e. g., under bridges).
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