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Abstract. Maritime Autonomous Surface Ships technology has made substantial pro-
gress in recent years, yet challenges remain in safety-critical scenarios such as maneuver-
ing through congested, constrained waterways like ports. This contribution presents an
architecture for automated, networked, and cooperative maneuvering of multiple vessels
with two core modules: cooperative perception and centralized collision avoidance plan-
ning. The environmental perception module combines LiDAR, radar, and GNSS-based
navigation to enable accurate self-localization and robust object detection. Its coopera-
tive multi-object tracking fuses onboard detections with AIS data and observations from
other vessels. The module distinguishes between static and dynamic obstacles and feeds
the shapes as convex polygons to the centralized collision avoidance planning module.
The planning module uses optimal control to compute collision-free trajectories under
geometric constraints. Cooperative maneuver planning addresses complex right-of-way
situations by prioritizing and decomposing maneuvers into sequential sub-scenarios, with
local control systems guiding individual vessels. We evaluate the approach experimentally
in a maneuvering scenario in the port of Rostock involving two on-site and one simu-
lated vessel. One of them is the 52 m-long automated research vessel Deneb equipped
with advanced sensors, which exchanges state and object information via conventional
communication links. Results demonstrate the reliable localization of static and dynamic
objects as well as collision-free automated maneuver execution. This cooperative behav-
ior is an important step towards safe mixed traffic, including non-networked vessels.

1 Introduction
1.1 Motivation
Maritime transport has the largest share (67.4%) of freight transport within the European Union [1], and
the global trade volume is projected to increase by 2.4% in 2025 [2]. As a result, congested and complex
environments such as ports and inland waterways are facing growing operational demands. At the same
time, the sector faces a shortage of qualified personnel, particularly for challenging navigation tasks in
port areas and inland waterways [3]. This context motivates the development of advanced cooperative
and automated navigation systems to enhance operational efficiency and safety in these critical areas.
Maritime Autonomous Surface Ships (MASS) present a promising technical solution, where automated
vessels navigate with reduced human intervention. However, achieving safe and reliable autonomous op-
eration in confined and safety-critical environments such as ports and inland waterways is a key challenge.
Multiple vessels may navigate in close proximity, requiring robust strategies for maneuver coordination.
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Figure 1: Crossing situation with limited maneuvering space in the port of Rostock between research
vessel Deneb (background) and USV Messin (foreground)

Networked autonomous vessels can be part of a cooperative solution by sharing data such as routes,
states, as well as detected and tracked objects. Traffic control centers that generate trajectories for feasible
encounters based on shared information reduce time for decision making and maneuvering space compared
to decentralized scenarios. Such a cooperative strategy is crucial when the maneuvering space is so limited
that the basic rules of the International Regulations for Preventing Collisions at Sea (COLREGs) [4] still
apply, but the aspects of good seamanship of a navigator strongly impact the situation, e.g. concerning
the individual definition of safety distances to other vessels. Figure 1 shows an example in the port
of Rostock for a crossing situation between research vessel Deneb (background) and unmanned surface
vehicle (USV) Messin in which the entire maneuvering space is less than 300 x 300 meters.

1.2 Related Work
Extensive research has been conducted on autonomous shipping [5], where the major activities focus on
environmental perception and motion planning, primarily for collision avoidance.

Concerning environmental perception, most recent approaches for MASS rely heavily on radar or
camera systems. For instance, [6] employs a YOLOvVS [7] image-only object detection model for vessel
detection. However, relying solely on a camera provides useful semantic information but lacks accurate
depth information. Authors of [8] improve this approach by fusing a camera with a radar sensor using
a multi-stage object detection module, improving detection range and performance. However, both
approaches focus on object detection without considering tracking, static mapping, or localization. To
further improve detection and enable tracking, the authors of [9] fuse camera, LIDAR, and radar sensors.
They apply a YOLOv4 model on image data to detect objects. However, for radar and LiDAR data, only
clustering is applied to remove static land mass and find clusters for object candidates. The candidates
of LiDAR, radar, and camera are fused on the object level using a Kalman filter. While this architecture
utilizes multiple sensors and extends detection by tracking, it lacks static mapping or absolute localization.

In the context of collision avoidance in maritime traffic, mainly methods relating to the individual
ship are investigated, without knowing the intentions of other traffic participants [10]. In open seas, this
approach is appropriate since ships maintain large distances between each other and sufficient time is
available for vehicle prediction and decision-making, e.g. [11] and many others. Collaborative collision
avoidance of networked vehicles is even less considered, although it is crucial for safety-critical areas.
In this context, a distinction can be made between decentralized and centralized approaches, where [10]
provides a comprehensive overview of different studies focusing more on narrow waterways than on safety-
critical port areas.

On the traffic management level, extensive developments were pushed forward as part of the STM - Sea
Traffic Management initiatives with the aim to allow personel on-board and on shore to make decisions
based on real-time information. The focus was on exchange of routes, tactical traffic management,
decision support for navigators and compliance with standards of the International Maritime Organization
(IMO), [12], which provides an important basis also for the own research.

Further, it is essential to consider the Operational Design Domains (ODDs) when assessing the appli-
cability and safety of autonomous maritime operations. The ODD defines the specific conditions under
which the MASS is intended to operate safely, including environmental, geographical, and operational
constraints. These considerations are fundamental to ensure reliable system performance and risk miti-
gation in real-world scenarios, [13].
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1.3 Own Preliminary Work
In the GALILEOnautic project series, researchers investigate cooperative maneuvering strategies, es-
pecially in confined areas to enable autonomous navigation for multiple vehicles based on the well-
known Guidance, Navigation, and Control (GNC) structure established on single vessels, e.g., described
in [14]. [15] applied the structure for cooperative multi-vehicle scenarios. A tightly-coupled Extended
Kalman Filter (EKF) achieved accurate pose estimation, and radar and LiDAR systems provided envi-
ronmental perception [16]. Further, trajectory planning and control algorithms have been designed to
dynamically optimize trajectories, avoid collisions, and track desired paths, with non-networked vessels
taken into account using the Automatic Identification System (AIS). The algorithms were evaluated in
real-world scenarios, without considering collision regulations in detail and the maneuvering space limi-
tations related to vehicle size [15]. Furthermore, the perception module had a maximum range of 40 m,
limiting adaptability for larger vessels requiring larger maneuvering space. [17] Within project GALILEO-
nautic2, the strategies were applied to the research vessel Deneb of the German Federal Maritime and
Hydrographic Agency (BSH), where the focus was on GNC of a single vessel in maneuvering situations
and automated docking system procedures [18,19]. The navigation filter was updated to utilize carrier
phase measurements of GPS and Galileo [20], and the navigation sensors and the filter were monitored
with integrity modules [21]. As a further improvement, an enhanced perception system was implemented
using deep learning-based object detection, static mapping, and Kalman filter banks to track multiple
objects by combining LiDAR detections with AIS signals [22,23]. The GNC system was adapted to partly
operate locally on the vessels while being simultaneously part of a networked agent [24]. A maneuver
assistance system (MAS) was realized to visualize the automation process for vessel operators [25].
Despite these advancements, the perception system was restricted by its close range, limited field of
view, and low-resolution LiDAR. The overall system was designed and tested for a single-vessel docking
maneuver and not for cooperative multi-vessel maneuvering.

1.4 Contribution

Building on the GALILEOnautic project series, this contribution presents the system integration and
validation of a central traffic control architecture for collaborative automated maneuvering, demonstrated
on three vessels. The system addresses key limitations of prior work, particularly sensing range and
coverage, by integrating multiple medium-range LiDARs with a long-range radar. The navigation filter is
based on a previously developed loosely coupled error-state extended Kalman Filter (ES-EKF) [26], and
the tracking algorithm is simplified from an Extended Kalman Filter bank [23] to a single linear Kalman
Filter for computational efficiency. In addition, a newly developed 2D grid mapping module, an enhanced
object detection model with a retrained network, and improved sensor fusion were implemented to support
robust perception. The primary contribution lies in the successful integration of these components into
a unified perception pipeline and the validation of its performance in realistic multi-vessel scenarios.

The proposed collision avoidance planner works centrally and is applied to ships of a relevant size.
It generates optimal collision-free trajectories based on potentially non-collision-free initial trajectories,
taking into account map information, fused objects from the environmental perception, and generalized
vehicle dynamics. COLREGs are taken into account and adapted for use in safety-critical areas like ports.

The system is validated in a mixed experimental setup involving two real and one simulated networked
vessels, performing coordinated collision avoidance maneuvers in the port of Rostock.

The primary contribution of this work lies in the successful integration of these components - per-
ception pipeline, collision avoidance planner, and multi-vessel coordination — and the validation of their
combined performance in realistic operational scenarios.

In the remainder of this contribution, the general system architecture for automated central traffic
management is introduced in Section 2. On that basis, Section 3 describes the modules developed for
perception at the vehicle level as well as in the central context, and Section 4 presents the methods
applied with the centrally operating collision avoidance planner. Further, Section 5 depicts the experi-
mental setup, comprising three vessels, followed by an outline of the corresponding evaluation scenario
in the experimental protocol and the description of the data processing and performance indicators. The
contribution finishes with the discussion of the experimental results in Section 6 and a conclusion in
Section 7.

2 System Architecture for Automated Central Traffic Management

When approaching congested waterways and ports, a traffic control center (e.g., the German Vessel Traffic
Service, VTS) usually takes over the global management of traffic by planning arrival times and encounter
situations in advance and effectively managing them. This procedure is essential for accident prevention
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Figure 2: System Architecture for Automated Central Traffic Management

in safety-critical areas when the maneuvering space available to the individual ship is extremely limited.
In this established procedure, the coordination of several ships is performed in a superior traffic control
domain, which then impacts the operation of the vessel through the nautical officers of the individual
ships. With regard to MASS operations, a more differentiated view on the traffic management structures
is necessary, for example in the case of monitoring and potential remote control by a Remote Operations
or Shore Control Center which finally gives instructions or commands to a MASS [27].

The approach presented in this paper and illustrated in Figure 2 is based on that general structure
and is intended to show to what extent the centralized traffic management can be used for automated
coordination of MASS in confined waters.

A distinction is made between the ship domain and the traffic management domain, where the ship
domain reflects the well-known guidance, navigation and control structure for a single manned or un-
manned vehicle, given in e.g. [14] and [28]. While the traffic control domain is centrally responsible for a
specific area, there are potentially several vehicles to be considered in the respective ship domain, which
is indicated by the additional blue ship domain layers in the figure.

The central point of the system architecture is the vessels, which are equipped with actuators and
sensors, where, in contrast to human-centered maritime shipping, future MASS will have to use high-
performance systems to be operated safely. The wvessel motion is additionally subject to environmental
disturbances. Especially concerning the sensors, a comprehensive set of navigation and environmental
perception sensors is required for operation with a high automation level, particularly when operating in
restricted waters and ports, [29].

The perception/navigation module is fed by the signals from the available sensors and can be di-
vided into two main submodules. First, the vehicle state estimation submodule determines the optimal
state vector by fusing inertial measurements (accelerations and angular rates) from an IMU with GNSS-
based position and velocity measurements with RTK corrections in a classical multi-sensor Kalman Filter
structure [26]. Further, a dynamic model-based filtering stage can be added subsequently to realize state
filtering on the operational level [30]. In this way, the submodule feeds the control and guidance systems
of the respective ship with filtered motion data from the real process subject to disturbances. Hence, the
estimation must be robust to sensor uncertainties and implemented free of jumps to allow the vehicle’s
motion states to be used in the feedback control. Second, in case of MASS, aspects of environmental
perception play a crucial role, applying dedicated sensors such as LiDAR, radar, and other optical sys-
tems, as well as the automatic identification system (AIS). The submodule detects static structures and
dynamical objects, including their classification as well as possible trajectory predictions of the dynamical
objects, which are used in the guidance of the respective ship, e.g., as overlay in an electronic navigational
chart (ENC). Further, the vehicle state and the classified objects are transmitted traffic control domain.
In this paper, we focus on the wvessel state estimation and environmental perception submodules as the
two core parts of navigation.

The guidance module is used to generate the reference values for the control of the vehicle. In human-
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centered shipping, a nautical officer uses a path or trajectory planner to generate a berth-to-berth route
using information from an ENC, which serves as an initial plan for the next voyage. However, the route
cannot be considered collision-free as it only incorporates information at the current time of planning
and is not necessarily used on an ad-hoc basis. For unmanned systems or MASS, an optimization takes
over this task, which also uses the map basis of an ENC as well as the additional information of the
local environmental perception for trajectory generation. In addition, knowledge about the dynamic
behavior of the vehicle should be taken into account to generate feasible trajectories [31]. The resulting
trajectories also have to be considered as non-collision-free in a global context. Moreover, an emergency
planner is required for scenarios in which either the online trajectory planner does not find a solution in
the required time or it is no longer possible to follow the trajectory due to system faults. This module
reacts based on information from the navigation module and is intended to bring the automated vehicle
into a safe state in case of an emergency.

Finally, the control system summarizes the modules for automatic motion control, with the ability
to follow a given path or trajectory. Especially in maneuvering situations [32], model-based approaches
for control system design can be used to achieve the required performance, resulting in a multi-variable
control system structure including an actuator allocation distributing the control forces and torques to
the equipped and operational propulsion and steering gears, [33].

The concept is based on the fact that in the networked scenario under consideration, basic information
regarding the vehicle state, the detected local objects, and the initial trajectory of each networked vehicle
is transmitted to the traffic control domain. Widely available communication systems, such as mobile
radio (e.g., LTE), are used for this purpose. The global environmental perception merges the local object
detections of the respective vessels to obtain a comprehensive situational awareness of the entire confined
area under observation. This information is then used together with the initial trajectories in the collision
avoidance planner, where finally collision-free trajectories are generated for the networked vessels that
conform to the COLREGs and especially their pendants for confined waters and ports.

3 Perception Module

3.1 Perception Components and Structure

The perception module uses a variety of sensors and processing strategies to estimate the vessel’s pose as
well as to detect and track objects in its environment. Thus, it is structured into two core components:
vessel state estimation (self-perception) and environmental perception. The overall structure is depicted
in Figure 3. First, we transform each local sensor frame into a common NED reference frame using the
dynamic transformation provided by the navigation filter. A 3D object detection is applied to the point
cloud, estimating nearby vessels’ pose, dimension, and class. The detected objects are tracked and fused
with AIS data. To account for static objects, we project the 3D LiDAR point cloud into a 2D bird’s-eye
view and fuse it with the long-range 2D radar point cloud. Additionally, we utilize the object bounding
boxes to remove dynamic points, yielding a static point cloud. Lastly, the static point cloud is used for
probabilistic occupancy grid mapping. The ego-vessel pose, the detected objects, and static objects are
shared via a network interface.

- - e
é . . Pose, Dynamic Transformation Body to NED
e Navigation Filter >
[

2 JIMU, Dual-Antenna GNSS Receiver, 24 . Measurements &
E LTE Router, AIS Receiver AIS Decoder _’WCI}V%SS to| AIS Objects (NED) of networked vessels \E,
e LiDAR -
3 ¥ ___ 3D LiDAR Objects v v _ E
g | [Sensor to|Point Cloud LiDAR-based |[(NED) | Multi-Object |List of states | 5
E NED [(NED) I "l Object Detection *| Tracking (MOT) H
| . A
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& — ] (Birds-Eye View) ! ant"/ex §
. et : Sensor to | 2D Radar Point Cloud ;glylgms
==/ haitts NED | Point Cloud Fu
- (NED)
_ ]

Figure 3: Architecture of the perception module. Sensor data is transformed into a common NED frame.
Detected objects are tracked and fused with AIS. A static point cloud is derived by removing dynamic
objects and used for occupancy grid mapping. The module outputs are shared with the network.
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Figure 4: Loosely-coupled (LC) navigation filter based on an Error-State Extended Kalman Filter (ES-
EKF) as in [26,34]. The filter integrates 3D accelerations and rotation rates from an IMU using a
strapdown algorithm to propagate a nominal state estimate §—, while fusing position, velocity, and
heading measurements from a dual-antenna GNSS receiver with RTK corrections via mobile network to
update the error state §s, and corrects the nominal state to 87 = §~ @ Js.

3.2 Vessel State Estimation

To estimate the vessel’s state (position, velocity, orientation, and IMU biases), we employ a loosely coupled
navigation filter based on an Error-State Extended Kalman Filter (ES-EKF). The ES-EKF maintains a
nominal state § and estimates an additive error state ds, which is used to correct the nominal state at
each update step. The filter fuses a high-frequency inertial measurement unit with a low-frequency GNSS
receiver to estimate a high-frequency pose solution. The nominal state is defined as follows:

A eT nT nT
§=[ps v qp baT bgTL (1)

with the three-dimensional position of the body-frame origin (b) with respect to the Earth-Centered-
Earth-Fixed (ECEF) frame (e) p¢,, the three-dimensional velocity of the body frame with respect to the
ECEF frame in navigation frame (NED) coordinates (n) v[, the quaternion representing the alignment
of the body frame to the navigation frame g;', the biases of the accelerometer b,, and the biases of the
gyroscope b,. The error state s is defined as:

0s = [5pT5vT5qT5b§6b§] (2)

with position error dp, velocity error dv, orientation error éq, and IMU bias errors dbg, db.

We use the error-state Extended Kalman Filter (ES-EKF) implemented in the work of [26,34]. The
nominal state is propagated at IMU rate using a strapdown algorithm, integrating measured accelerations
and angular rates. The ES-EKF estimates ds based on GNSS measurements of position, velocity, and
heading, which are incorporated as measurement updates. The estimated errors are then applied to
correct the nominal state:

st =5 @6s. (3)

with 8§~ indicating the nominal state prior to the update. Both the estimation of ds and the update
appear in the update block in Figure 4.

Additionally, to further refine the GNSS position, we utilize Real-Time Kinematics (RTK) correction
data to reach subcentimeter-level precision. The navigation filter also takes a LLH reference point to
estimate its current pose within an NED reference frame, with its origin in the reference point. We use
this to transform each local sensor frame to the global NED reference frame.

To get all sensor data in a common reference frame, we first transform each sensor’s local frame into
the imu body frame. Then, we transform the sensor data into the common NED reference frame using
the navigation filter solution.



ICMASS-ISSS-2025 10P Publishing

Journal of Physics: Conference Series 3123 (2025) 012020 doi:10.1088/1742-6596/3123/1/012020
Point Voxelization Pillar PointPillars Backbone: Neck: Anchor 3D g?un(}ilng .BOX’
Cloud Feature Net Scatter SECOND [’ SECONDFPN Head assitication,

Orientation

Figure 5: Variation of the PointPillars model [35] using the MMDet3D implementation [36]. The original
backbone and neck are replaced with those of SECOND [37] to improve feature extraction and multi-
scale representation. The detector learns a nonlinear mapping from point cloud input to bounding box,
orientation, and classification of nearby vessels.

3.8  Environmental Perception

To estimate the state of vessels in the environment, we use LiDAR-based 3D object detection yielding
pose, dimension, and class of detected nearby objects. We transform the LiDAR data to a NED reference
frame and perform a 3D object detection similar to [22] but with a different detection architecture. We
use a variation of the efficient PointPillars model [35] as implemented in MMDet3D [36]. The model
groups the 3D point cloud P = {p;}V, with p; = |2, i, z:]T € R? into vertical pillars C,_,,. For every
point p; € C,, we construct the extended feature vector

f=[p] 1 (pi—Puw) (Pi—cun)’], (4)

where Py, is the pillar mean and ¢, , its centre. For each pillar (u,v) we stack its extended point
features into the fixed-size tensor F,, = [fi,...,fr, |7 € RTmaXC with C = 9 and zero-padding
whenever |Cyu| < Tmax- Tmax depicts the maximum number of points considered in a pillar. The stack is
fed to a Pillar Feature Net (PFN) that yields one pillar feature g, , = PFN(F,,,). All g, ,, are scattered
into a bird’s-eye-view pseudo image G € RT*WXC “enabling efficient 2D convolutions. A single-stage
head predicts, per BEV cell, class scores, bounding box offsets to anchors, and a direction bin, and is
trained with the combined loss

L= »Cfocal + )\rcgﬁsmooth L, + )\dirﬁ(}E (5)

with Areg, Agir Weighting the loss contributions. The backbone and FPN neck are replaced by SECOND
modules [37], while the overall PointPillars pipeline is retained. The model structure is presented in
Figure 5.

We train and test the model with simulated data from [38]. We use two different scenarios and
extended the simulation with new vessel models used in the real-world evaluation scenario, as well as newly
developed plugins for the LiDAR sensors. To improve generalization and robustness, we apply standard
LiDAR data augmentation techniques such as object-level noise injection, geometric transformations
(translation, rotation, scaling), and flipping [39]. We train the model on four classes small boat, medium
boat, large boat, buoy with the same anchor sizes as in [22].

The perception module should follow maritime objects over time and predict their future movements.
Pose hypotheses for each object originate from a LiDAR-based detection module and AIS (Automatic
Identification System) messages. Both sources provide position and heading data, which are transformed
into a common North-East-Down (NED) reference frame.

Instead of applying an extended Kalman filter bank with joint probabilistic data association as in [22],
we opt for a simpler linear Kalman filter using the StoneSoup tracking framework [40], tailored to a small
set of low-dynamic targets such as large vessels in harbor scenarios. Our streamlined approach aims to
reduce computational complexity. We define a vessels state as the vector x; = [;z: T oy y &]T,
where (z,%) indicates position, (Z,7) denote the linear velocities, v is the heading angle, and 1) is the
heading rate. All components are expressed in the NED frame. A linear constant-velocity model predicts
the state’s progression with x; = Fxp_1 + wy_1.

Noise is modeled as additive Gaussian wi_1 ~ N (0, Q) with covariance matrix Q.

For sensor measurements from AIS and LiDAR, we employ a linear Gaussian observation model
z}3c = Hxy + v}jC with measurement noise v}; ~ N0, Ri), where R is sensor-specific covariance matrix,
and ¢ € {LiDAR, AIS}. The observation matrix H selects the observed state components. The transition
and observation matrix are given as
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If both LiDAR- and AIS-based observations are available in a given time step, we apply sequential Kalman
updates.

The above prediction and correction steps of the filter require the association of measurements to
tracks. For data association, we compute the Mahalanobis distance [41] dlz\/[ = (z — ik)ngl(zk — Zk)
between predicted tracks and measurements with covariance matrix S, = HP,H' + R and state covari-
ance matrix Py. We then form a cost matrix C; ; = Mahalanobis(Track;, Measurement;). A Hungarian
algorithm [42] computes the matches with minimal cost. Tracks are initialized for each measurement that
is not associated with an existing track. Tracks that remain without an update for a time threshold of
10s are removed from the track list.

To fuse detected objects from multiple connected agents, we add the LiDAR object detections as
additional observations.

A static mapping module accounts for static objects like piers or harbor edges. First, we follow [22]
and subtract points of objects detected by the object detection module from the 3D LiDAR point cloud,
seen in Figure 3, as those include dynamic objects. This yields a point cloud that represents only static
objects. The object detection module shares all detected objects, including dynamic but also static vessels,
with the network, such that the planning module can account for both types of obstacles. Second, the
3D point cloud is projected into a birds-eye-view (BEV) perspective and merged with the 2D radar point
cloud. This extends the perception range to about 1km and simplifies the mapping approach to 2D,
which suffices to detect land mass and piers.

To represent the static environment, we implement a 2D probabilistic occupancy grid map (OGM) [43]
G € RTXW of height H and width W:

1, if cell (4,7) is fully occupied
G;; =140, ifcell (,5) is free
0.5, if cell (7,4) is unknown

The map discretizes the space into equally sized grid cells where each cell ¢; ; stores the probability
pi,; € [0,1] that the corresponding area is occupied. The map is initialized with each cell being in the
unknown state p; ; = 0.5.

We determine the current position of the sensor in the grid map and cast rays with a specifiable
angular resolution and range. If a ray hits a point in the point cloud, the corresponding cell is marked
as occupied. Cells that are in the shadow of this occupied cell remain unknown. Cells a ray can pass are
marked as free.

To efficiently update the map, we use log-odds representation l; ; of occupancy probability [44] of cell

Cij with
Pij
li ;=1 —
R <1 —Pm‘>

When new measurements arrive, we update the cells additively

ll(t]) = ll(,tj_l) 4+ loce , if cell is occupied

lEtJ) = lz(fj_l) + lfree  , if cell is free
with loee and lgee depicting the log-odds increment parameters for occupied and free observations, re-
spectively. In a multi-vessel scenario, we fuse aligned maps from multiple agents by adding the log-odds
values of corresponding cells.

To extract static objects from the grid map, we extract contours of unknown and occupied space
boundaries from the occupancy grid at each iteration. We implement a contour-finding algorithm on a
binary mask of the grid. Given the occupancy grid G, we first threshold the grid to obtain a binary grid
Gbinary-

We then use the Marching Squares algorithm [45] implemented in the SciKit-Image library [46] to
find k contours of the binary pseudo image as a set Cy, of edge points, which are then polygons of static
objects:

Ci, = MarchingSquares(Guinary )-

To ensure the correct data type for the planning module, all polygons are required to be convex.
Non-convex polygons are therefore transformed into their convex hulls using the ConvexHull algorithm
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from the SciPy library [47,48]. This transformation over-approximates the original non-convex polygon,
as the convex hull is guaranteed to contain all the original vertices and may include additional area not
present in the original shape. Overall, the static mapping module generates a 2D occupancy grid map
and extracts static objects as convex polygons.

4 Collision Avoidance Planning Module
4.1  Regulatory Aspects of Port Operations
For collision avoidance of ships, the internationally valid COLREGs are generally used. However, the
defined rules cannot be applied to port operations in general. Therefore, basic rules have been adopted
by national regulations, in the case of Germany, the German Traffic Regulations for Navigable Maritime
Waterways (SeeSchStrO) [49].

If it is not individually defined, the following basic rules apply:

o Shall keep a safe speed (COLREGs Rule 6) / basic principles) limited to the maximum speed
allowed in the specific port.

e« When meeting, overtaking, or passing other vessels or fixed or floating installations, vessels shall
do so at a safe distance (COLREGs Rule 8(d) / basic principles).

e Shall keep as near to the outer limit of the fairway which lies on her starboard side as is safe and
practicable (COLREGs Rule 9(a) / basic principles).

e An overtaking vessel shall pass the vessel being overtaken on the latter vessel’s port side until she
is finally past and clear (COLREGs Rule 13 / overtaking).

¢ In a head-on situation in a fairway, whether courses are straight head-on or nearly straight head-on,
evasive action shall be taken to the starboard side (COLREGs Rule 14 / head-on situation).

o A vessel proceeding along the course of the fairway shall have the right of way over vessels entering,
crossing, making turns in that fairway, or leaving their mooring grounds (COLREGs Rules 9, 15,
18 / crossing situation).

These basic rules are then adapted to the specific port. For example, maximum speeds, reporting
obligations, or special right-of-way and maneuvering rules are defined. Central coordination by the VTS
avoids encounters between more than two ships, especially if they require a large maneuvering space, to
keep the complexity of the situations as low as possible. This can lead to waiting times at the pier or a
reduction in the vessel speed. The maximum speed in the port of Rostock is 6.5 knots.

Especially in crossing situations, it is crucial to consider the prioritized navigation channel to be able
to decide which vessel has the right of way. For example, the encounter situation shown in Figure 1 is
particularly challenging, as the Deneb has the Messin on its starboard side, but is moving within the
main navigation channel and therefore has priority over the Messin moving into the navigation channel.

4.2 Formulation of the Optimization Problem
With the system architecture presented in Figure 2, a centralized approach for trajectory planning avoids
collisions. This relies on the networked vessels transmitting their current desired trajectories or paths.
In the simplest case, this can e.g. be done by sending the generally used berth-to-berth waypoint route.
On this basis, a collision check is carried out automatically at the control center. Once a collision risk is
detected, collision avoidance trajectories for the involved vessels are computed based on the initial desired
paths.

The calculation method is based on a nonlinear optimal control problem (OCP). The general form of
an OCP is given by

x(tg‘lli(ri)’tf J(x(t),u(t), ts)
subject to  x(t) = f(x(¢t),u(t)),
X(t) € [Xmin, Xmax)
u(t) € [umlnaumax]; (6)
X(to) = X0,
x(tg) = xy,
h(x(t)) <0
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This optimization problem aims to find the optimal state trajectory x(t), control input u(¢), and final
time ¢ that minimize the cost functional J(x(t),u(t),?;). The system dynamics are governed by the
differential equation x(t) = f(x(t),u(t)). The state and control inputs are constrained to lie within the
admissible bounds [Xmin, Xmax] and [Wmin, Wmax|, respectively. Furthermore, the initial and final states
are fixed at xg and xy.

The inequality constraint h(x(¢)) < 0 ensures that additional path or safety constraints, such as
collision avoidance, are satisfied throughout the maneuver. The final time ¢; represents the moment at
which the maneuver is successfully completed.

One-time Execution Periodic Execution
Decoupling & OCP - Optimal
Prioritization Control Problems
3-Vehicles- _ 2-Vehiles- | Scenarios r") ———— (xﬂ)
INPUT Scenarios  Prio 7/ Qg 7% OUTPUT
—_—>] ; > —>
Initial I <‘I : l Energy-optimal
Trajectories | \ : ’L_)l l! ) & collision-free
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' T Vehicle Model x
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Figure 6: Schematic representation of the approach for collision avoidance trajectory generation with
submodules scenario collision risk detection, decoupling and priorization as well as solving the OCPs

The proposed approach, as illustrated in Figure 6, is based on the analysis of given initial trajectories
of multiple vessels, with the objective of identifying and classifying potential collisions. The method is
designed to handle multi-ship collision scenarios. Its scope is limited to head-on and crossing encounters,
which are particularly relevant in constrained environments. To systematically manage the complexity of
such multi-vessel situations, each encounter is decomposed into a set of pairwise two-ship collision sub-
problems, categorized by collision type. The underlying idea is to reduce a complex multi-ship situation
into simpler, more tractable two-vessel interactions.

These individual subproblems are then prioritized, with head-on situations assigned higher priority
than crossing ones. This reflects the assumption that such encounters occur within a port area, where
vessels involved in head-on interactions are likely to navigate along the prioritized navigation channel.
According to COLREGsS, these vessels generally have right-of-way over those entering, crossing, or leaving
their mooring areas see Section 4.1. The crossing participants are then compared with the results of the
head-on situation to ensure that the final solution complies with the COLREGs.

Once the relevant collision scenarios have been identified, they are resolved sequentially based on their
assigned priority, while ensuring adherence to applicable COLREGs. The first optimal control problem,
denoted as OCP 1, formulates a coupled trajectory optimization for a head-on scenario, in which evasive
maneuvers for both vessels are computed simultaneously. The resulting collision-free trajectories are then
used as dynamic obstacles in a subsequent optimal control problem, OCP 2, which computes the evasive
path for a third vessel potentially involved in a crossing situation with the head-on participants.

The collision avoidance approach starts by classifying vessel encounters. In the present implementa-
tion, only motorized vessels are considered, excluding sailing boats and other maneuvering-limited vessels.
Two principal encounter types are distinguished:

e Head-on situation: This occurs when two vessels are approaching each other on reciprocal or
nearly reciprocal courses, such that both are required to alter course to starboard to avoid collision.
Practically, this applies when the relative course between the vessels is approximately 150° to 180°.

¢ Crossing situation: This occurs when two vessels are approaching on crossing courses with a risk
of collision. In such cases, the vessel that has the other on its starboard side must give way. This
typically applies when the relative course difference is between 45° and 135°.

10
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Based on these definitions, the method applies a threshold of 150° to 180° to classify head-on encounters
and uses the range from 45° to 135° to identify crossing situations.

In the next step, the identified and prioritized collision scenarios are addressed through a sequence of
OCPs. Although OCPs follow the general structure outlined in Equation (6), they differ in their specific
objectives, state definitions, and constraints depending on the scenario. The cost function for OCP 1 is
defined as ]

m(gl,lzll,l(t) Jh(w(t), u(t))>

t (7)
Jp = Ap} Q Apy, + u;. Ruy, dt.

0
Here, the final time t; is fixed and corresponds to the end of the maneuver, as determined by the initial
trajectories of the vessels. The state vector is defined as = [p,] v,/ |7, where the position and heading
vector is given by pn, = [z1 T2 ¥1 y2 Y1 o] and the the translational and rotational velocity vector
by vy, = [u1 ug v1 vy 71 9] 7. The control input vector is defined as uj, = [X; Xo Yy Yo Ny No]T,
representing the surge forces X, sway forces Y, and yaw moments N applied to each vessel. Indices 1 and
2 in the vectors refer to the two vessels involved in the head-on situation. The term App = P, — Dh,init
describes the deviation from the nominal trajectory, where py init represents the initial paths obtained
from the initial trajectories or path. The cost function J, penalizes both the deviation from the nominal
path via the weighting matrix @ and the control effort via the matrix R.

To formulate collision avoidance constraints within the optimal control framework, vessels are conser-
vatively approximated using circular shapes, as illustrated in Figure 7. Each vessel is initially modeled as
a rectangle reflecting its physical dimensions. To incorporate a safety margin, this rectangle is enlarged to
form a bounding box that accounts for navigational uncertainty and control limitations. A circle is then
fitted around this bounding box, with its radius chosen such that it fully encloses the expanded shape.
These circles are subsequently used in the collision constraints to define pairwise minimum separation
requirements between vessels.

In head-on encounters, the enlarged bounding rectangle is shifted laterally to the starboard side of
each vessel by a constant offset vector a, defined in the ship’s local reference frame. This ensures that both
vessels execute a starboard-side evasive maneuver, in accordance with the COLREGs, thereby reducing
collision risk through coordinated and rule-compliant behavior.

The center of the ship is denoted as P; = (z;,y;). The center of the corresponding safety circle is
computed as

where R(1);) is the rotation matrix defined by the vessel’s heading angle ¢;. This geometric transformation
ensures that the safety circles are positioned asymmetrically to favor starboard-side passing, as illustrated
in Figure 7. Collisions between vehicles 1 and 2 are prohibited via requesting that either disc of vessel 1
does not overlap with either disc of vessel 2 using

2
Ip1 — p2|> > (RY + RY)", (8)

where RY and RY denote the safety radii of vessel 1 and vessel 2, respectively.

In OCP 2, the collision-free trajectories obtained from the solution of OCP 1 are treated as dynamic
obstacles and incorporated into the optimization problem as constraints. In contrast to OCP 1, the final
time t¢ is considered as a decision variable and is explicitly included in the cost function J., which leads

to
min Je(x(t), w(t), te),
sl (z(t), u(t), tr)

tr (9)

J. = Ap:QApC—i—u;rRuc—i—wtfdt.

0

Here, the weight w penalizes excessive maneuver duration, which typically results from speed reductions
yielding to the higher-priority vessels in accordance with the right-of-way rules described in Section 4.1.
The state vector for the crossing vessel is defined as x(t) = [p/ (t) v/[ (¢)]T, where the position vector is
pe = [y ¥]" and the velocity vector is v, = [u v r]T. The control input is given by u. = [X Y N]T,

and the deviation from the nominal path is defined as Ap. = pc — Pe,init-

For the purpose of collision avoidance in OCP 2, these obstacle trajectories are represented using two
safety circles per vessel, where one is located forward and one aft of the ship’s center, as illustrated in
Figure 7. This two-circle approximation is applied uniformly to all vessels, including those originating
from OCP 1, in order to enable a more spatially accurate and less conservative representation of occupied

11
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areas during the maneuver. The center coordinates of the front and rear circles are determined from the
ship’s center position (z,y), heading angle 1, and a fixed offset distance d, using

zy=x+d-cos(v), yr =y +d-sin(e),
zr = —d-cos(y), yr =y —d - sin().

To ensure a minimum clearance between all safety zones, distance constraints are imposed at each
time step t; between all combinations of circle centers of the crossing and obstacle vessels, applying

(10)

Ips.i(te) — Pro(t)ll* = (Rpi + Rro)®,

Ips.i(tk) — Proto)ll* > (Rpi+ Rro)”, (11)
IPri(tr) — Pro(te)l? > (Rri + Rro)”,

Iprs(th) = Pro)* = (Rri+ Ry.0)°

These constraints ensure collision-free behavior by maintaining sufficient spatial separation between the
safety regions of all vessels throughout the maneuver.

In both OCP 1 and OCP 2, static obstacles in the environment are also taken into account. These
fixed structures from a map or the global environmental perception are also approximated using circles
to ensure compatibility with the collision-avoidance framework. A two-stage procedure limits the number
of constraints introduced into the optimization problem and thereby reduces computational complexity:
Initially, the trajectory optimization is performed without considering static obstacles. Subsequently,
a collision check is conducted between the optimized trajectories and the static environment. If any
collisions are detected, the optimization is repeated with the corresponding static obstacle constraints
included. This iterative process continues until a set of collision-free trajectories is obtained.

The optimal control problem formulated in (6) incorporates the dynamic behavior of the vessels
through the system dynamics constraint %(t) = f(x(t),u(¢)). In both OCP 1 and OCP 2, the function
f(-) is instantiated using a conservative, force-based ship model, which follows the structure of well-
established marine vehicle models, [14]. The same underlying model is applied consistently across both
problems to ensure dynamically feasible and physically realistic trajectories.

For each vessel, a generic model structure in the form of

Mr+Cv)v=Dw)v+T1 (12)

is applied, where v = [u v r]T denotes again the velocity vector in surge, sway, and yaw. M denotes
inertia including added effects, C(r) models Coriolis and centripetal effects and D(v) captures nonlinear
hydrodynamic damping. 7 = [F, F, M,]T represents the actuator forces and moment. This model is
transformed into the generic nonlinear state-space structure

or u? u?
v=M"'D@W)-Cw)v+M'r=F - [Av+C +D |[v¥| +E |v?| +B7 |, (13)
uv rs r?

where the matrices A through F are of size (3 x 3), vessel-specific and identified experimentally using
test data from real-world trials. The parameters used for generating the avoidance trajectories for the
involved vehicles are given in Table 1.

Table 1: Identified parameters for vessel Deneb in 10% SI units

Index A B C D E F

(1,1) -1.9482 0.00199 1532.75 -0.83975  0.00000  1000.00
(1,2) 0.00000 0.00000  0.00000 0.00000 0.00000  0.00000
(1,3) 0.00000 0.00000  0.00000 0.00000 0.00000  0.00000
(2,1) 0.00000 0.00000  0.00000 0.00000 0.00000  0.00000
(2,2) -12.089 0.00132  0.00000 -103.55 0.00000  1000.00
(2,3) -188.60 0.00000  0.00000 0.00000 0.00000  0.00000
(3,1) 0.00000 0.00000  0.00000 0.00000 0.00000  0.00000
(3,2) -0.47304  0.00000  0.00000 0.00000 0.00000  0.00000
(3,3) -19.707 0.00474  0.00000 -71369.1  0.00000  1000.00

In OCP 1, this model is applied in coupled form, where the trajectories of both interacting vessels are
optimized simultaneously. This joint formulation enables the coordinated computation of collision-free
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avoidance maneuvers. In contrast, OCP 2 focuses on a single vessel, whose trajectory is computed while
treating the previously planned paths of other vessels as dynamic obstacles. In this case, the model is
used independently for the crossing vessel.

It is assumed that all ships have a control system to follow the calculated model-based trajectories.
This also includes the ability to execute the planned maneuvers within the limits of the actuators and
under environmental influences. An analytical solution to (6) cannot be obtained in general and therefore

S
>

Vi y Vi y

(a) Collision constraints in a Head-on scenario (b) Collision constraints in a Crossing scenario

Figure 7: Implementation of collision constraints for vessel-to-vessel interactions through custom circle
approximation for the head-on and crossing scenario

must be computed numerically. The first step in the numerical solution of an OCP is to discretize it into
a nonlinear programming (NLP) problem. Abstracting OCP (6) as

min J(x(t), u(t), t
x(t),u(t), te (x(t), u(?), tr) »

s.t. constraints,

the problem is discretized using a multiple shooting approach. The time horizon [0, t¢] is divided into
Nrg intervals of equal length h = t¢/Npg. For each interval [t;,t;11], the state X = [z],..., a:;'\—,FE]T and

control U = [ug ... ,1,LJ—\F,FE_1]—r are introduced as decision variables. The system dynamics are integrated

over each subinterval using a Runge-Kutta method, which leads to the following NLP formulation

min  J(X, U, tg)
X, U, ts (15)
s.t. constraints.

The resulting NLP is implemented and solved using CasADi [17].

OCP1 contains 16,206 optimization variables, 10,800 equality constraints, and 900 inequality con-
straints. The computation time is around 20s. OCP2 contains 8,099 optimization variables, 5,400
equality constraints, and 1,800 inequality constraints. The computation time is around 5s.

5 Experimental Setup

5.1 Vessels and Instrumentation

To validate the developed modules for cooperative maneuvering in confined waters, three different vessels
are used as experimental platforms, consisting of the survey, wreck search and research vessel Deneb of
the BSH [50], the experimental catamaran Bernhard Lampe (BeLa) and the USV Messin, depicted in
Figure 8. Concerning the system architecture (Figure 2), each vessel is equipped with its local GNC
system. Since the Deneb is the largest ship within the experimental setup, the central processing unit
(Nuvo-9006E-PoE with Intel Core i9-14900 processor), representing the central traffic control domain,
was installed on the Deneb.

13
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The vessels are networked with the central service via 4G/5G mobile network. A MikroTik CCR2004-
16G-254+PC serves as the central router and VPN server. Each vessel is equipped with a Teltonika
RUTC50 5G router (downward compatible with 4G/LTE), which also serves as a time server utilizing
GNSS and 5G as a time source. During the experiments, the state vectors from the vessel state esti-
mation, the object detections from the environmental perception, as well as the non-collision-free initial
trajectories of the vessels and the generated collision avoidance trajectories are transmitted between the
vessels and the central service via the established network.

(a) Survey, wreck search and re- (b) Experimental catamaran BeLa (c¢) USV Messin of the University of
search vessel Deneb of the BSH of the University of Rostock Rostock

Figure 8: Three vessels used as experimental platforms for system evaluation

The vessel Deneb measures 52m in length has a width of 11.4m and a draft of 3.5m. The vessel
reaches a maximum speed of 11 knots. The Deneb is actuated by a conventional fixed pitch propeller with
rudder, a Pump-Jet in the bow, and a stern transverse thruster. Due to the actuator configuration, the
Deneb is fully actuated at low speed and is capable of realizing dynamic positioning (DP) functionalities.
For detailed information about the vessel automation and the applied guidance and maneuvering control
system, the reader is referred to [18] and [33]. In addition, within the experiments presented here, the
trajectory tracking task is realized by a model predictive control structure, as it is presented in [51]. For
the execution of the guidance and control modules as well as the visualization on board the Deneb, a
framework of three industrial computers (Nuvo-9006E-PoE with Intel Core 19-14900 processor) is used,
which work in a local network with time synchronization. Finally, for automatic vessel control, dedicated
Ethernet interfaces are available to receive the estimated vessel state from the navigation module and to
command the actuator set values.

For localization, Deneb was equipped with two Septentrio GNSS antennas, a Mosaic-H receiver op-
erating at 10Hz and a Lord Microstrain GX5-25 IMU operating at 100 Hz. The GNSS receiver obtains
Real-Time Kinematic (RTK) correction data to ensure precise localization. An onboard computer, com-
prising an AMD Ryzen Threadripper PRO 5975WX processor with 256 GB RAM and two NVIDIA
GeForce RTX 4090, processes the sensor data, software modules, and fuses multi-vessel data. The
Deneb’s sensors include five solid-state Robosense M1P LiDAR sensors with a maximum range of 150 m,
a horizontal field of view of 120°, a vertical field of view of 25°, and a scanning rate of 10 Hz. The sensors
support PTP synchronization but cannot be triggered simultaneously due to the solid-state technology.
A sixth LiDAR sensor is mounted on the observation deck of the vessel for calibration purposes. For
long-range perception, a NavTech RAS6 radar covers up to 1000 m scanning in a 2D plane at 4 Hz. The
radar provides a 360° horizontal field of view with an azimuth beam width of 1.8° and an elevation beam
width of 3.6°. A ZED stereo camera offers visual feedback and supports scenario recordings. All sensors
connect to the computing device via Ethernet, and a PTP-transparent switch ensures synchronized data
throughout the network.

Extrinsic calibration transforms each local sensor frame to a body reference frame. For a multi-LiDAR
setup, the SIMPLE-C tool (currently submitted to RA-L) performs semi-automatic calibration. For the
calibration of the remaining sensors, the distance and the roll, pitch, and yaw angle to the nearby LiDAR
sensors are measured.

The experimental catamaran Bernhard Lampe of the University of Rostock, shown in Figure 8b, has
a length of 7.35m, a width of 2.44m, a draft of 0.35m and is powered by two outboard jet drives with
140 HP each resulting in a maximum speed of approximately 30 knots. Due to repairs, the vessel was
not available during the test period. Thus, the vessel has been simulated during the experiments.

The USV Messin depicted in Figure 8c is a catamaran with a length of 3.44m, a width of 1.65m, and
a draft of 0.35m. The USV is equipped with two podded drives of 400 W each and achieves a maximum
speed of 4 knots. The podded drives are also used for steering. The reader is referred to [52] for detailed
information about the applied local guidance and control modules of the USV.
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(a) Mounting and configuration of the LiDAR and (b) Mounting and configuration of the LiDAR,
radar sensors on the bow of the Deneb vessel IMU, and GNSS antennas (marked in yellow) on
the observation deck of the Deneb vessel

Figure 9: Detailed mounting and configuration of the sensors on the Deneb vessel

The Messin localization system relies on two GNSS antennas linked to a Septentrio Mosaic-H receiver,
providing position and orientation data. In addition, a Lord Microstrain GX5-25 IMU delivers acceler-
ation and angular rate measurements at 100 Hz. Environmental perception is managed by a Robosense
RSP128 LiDAR sensor, offering 360° coverage through 128 layers, spanning a vertical field of view from
—25° ~ +15° at a 10 Hz scan rate. Onboard processing and perception tasks run on an NVIDIA Jetson
Orin. The LiDAR connects to the Jetson Orin over Ethernet; the IMU uses a serial-to-USB interface.
The Jetson Orin itself integrates with the USV network via Ethernet for communication and to receive
RTK correction data for precise GNSS localization.

5.2 Experimental Protocol: FEvaluation Scenario

To validate the performance of the developed methods, a complex maneuvering scenario in the port
of Rostock was defined as illustrated in Figure 10. Taking ODDs into account, the nautical officers of
DENEB and ISSIMS GmbH supported the definition of safety parameters for automatic maneuvering.
DENEB serves as the reference vessel, with safety distances of 50m ahead and 25m to the sides and
astern. Automatic operation is limited to wind speeds below 8 m/s, especially when wind assists forward
motion. In DP mode, wind plays a minor role. Each vessel must have a dedicated operator or chief mate
on board to take manual control if needed. The scenario is aborted if deviations exceed 5° in heading,
10m to the trajectory or 1m/s in speed.

Figure 10a shows the ENC information of the area and the given nautically planned initial trajectories
of the three involved vessels, Deneb, BeLa, and Messin. The trajectories are planned generically so that
each of the test vessels can follow any trajectory, and thus different vessel constellations can be tested.
Due to the speed limitation of USV Messin, the maximum trajectory speed has been set to 4 knots. The
initial speed for all trajectories is 0 knots. Additionally, the figure shows the time 350 s after the start of
each maneuver, whereby several collisions would inevitably occur without evasive maneuvers.

Following the COLREGs, the situation can be divided into the two core test scenarios Head-on (red
and blue trajectories) and Crossing (red/blue and green trajectories). The collision avoidance maneuvers
should be as close as possible to the initial trajectories, but maintain the safety distances between the
vessels and the port structures. The critical area, where the collision avoidance maneuver has to be
realized, has a size of approximately 300m x 300m, and the straight sections of red and blue are
approximately 1000 m. As this may cause distances too large to be covered by the medium-range LiDAR
sensors, we added a small drive-by scenario. While the Deneb vessel was docked, Messin and the remote
operation dinghy passed by with distances of 10m to 100 m to ensure visibility and enable validation of
the object detection.

In the head-on situation, two vessels are approaching each other on nearly reciprocal courses with a
risk of collision, both vessels should alter their course to starboard, ensuring they pass on each other’s
port side, in accordance with COLREGs Rule 14. In the crossing scenario two vessels’ paths intersect.
According to COLREGs Rule 15, when two vessels cross with risk of collision, the vessel which has the
other on her starboard side shall keep out of the way. This applies to the red one. Since the head-on
vessels on the red and blue trajectories are moving in the prioritized navigation channel, the vessel on the
green trajectory starting from the berth should wait or approach at low speed until the head-on situation
has been resolved.
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Figure 10: Overview of the evaluation scenario involving three vessels in a confined area of the port of
Rostock

As the catamaran BeLa was not available for the tests at short notice, we adapted the test protocol
as follows: Each scenario was conducted independently with the research vessel Deneb and the USV
Messin. In the combined test runs, the central traffic management simulated the second ship in the
head-on situation as BeLa, while Deneb and Messin operated physically on site.

Prior to the launch of the automated scenario, the three vessels navigate near the respective starting
positions of the initial trajectories, as shown in Figure 10a. Afterwards, the scenario was started in a
coordinated manner in order to maintain the real collision risk. The central collision avoidance planner
transmits the adapted collision-free trajectories, calculated on the basis of the available non-collision-free
initial trajectories as described in Section 4, to the three vessels involved.

5.8 Sensor Processing and Performance Indicators

Each vessel runs its own localization and perception pipeline, as described in Section 3. The sensors
communicate locally with the computing device via ROS2. The resulting detections are then fused
within the global environmental perception module onboard the Deneb, which also hosts the collision
avoidance planner, described in Section 4. For the initial map constraints used within the OCP, the ENC
data was approximated using convex polygons as shown in e.g. [53] and visualized in Figure 10b.

For the perception software modules, the following parameter setup was chosen: For the training of
the object detection model, we use 9500 samples in the training set and 1500 samples in the test set. We
train the model for 100 epochs and a batch size of 6 using the one-cycle learning rate policy [54] on two
NVIDIA RTX 4090 GPUs with 24 GB VRAM each. For the PointPillars detector, we discretise each point
cloud into pillars of 0.5 x 0.5, m and retain points within the range [—200, —200, —1] m, 200, 200, 30] m.
We take the anchors as in [22]: [4.28, 1.92, 1.60] m for small boats, [9.39, 3.15, 7.54] m for medium boats,
[15.74, 4.40, 15.92] m for large boats, and [0.93, 0.93, 1.47] m for buoys. To improve generalisation, we
apply standard data augmentations during training like object-level jittering (translations of roughly 1 m
and in-place rotations up to +45°, global scene rotations of +45°, isotropic scaling between 0.95 and
1.05, and a 50 % horizontal BEV flip. We choose A\jeg = 2.2 and Agiy = 0.2 in our configuration. For
grid mapping, we choose a grid map size of 1400 m x 1200 m, a cell size of 2.5 m x 2.5 m, and log-odds
increments as locc = 0.7 and lgee = —0.4. The sensor data are transformed into a single, fixed NED
reference frame, with its origin set to the geodetic reference point at (54.177599, 12.122916, 38.4) shown
in Figure 10. The navigation filter receives IMU messages at 100 Hz and GNSS messages at 10 Hz such
that the filter outputs a localization solution at 100 Hz.

Perception performance is assessed qualitatively on six predefined indicators: environment-represen-
tation consistency, which requires that the extrinsic calibration of LiDAR and radar sensors is accurate
enough to yield a coherent multi-sensor point cloud; detection consistency, which requires that both
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Messin and the remote-operation dinghy are covered by at least one valid 3D box throughout the en-
counter; class plausibility, meaning that predicted labels match the correct size category; tracking sta-
bility, defined as uninterrupted ID persistence in at least 95 % of the frames of an encounter; qualitative
range accuracy, whereby the relative pose from the navigation filter must visually coincide with the
GNSS-derived pose; and static-mapping plausibility, which demands that the resulting static map is
topologically consistent with the underlying chart tiles.

6 Experimental Results and Discussion

6.1 General Observations

The combined environmental perception and collision avoidance tests with multiple vessels involved were
carried out in the port of Rostock from May 7 to 9, 2025. The environmental conditions during the
real-world test were fair to moderate. The wind speed was averaged 4.8 m/s, ranging from 2.0m/s up to
7.5m/s from the northwest direction, approximately 300°. No relevant current or swell has been noted.
The visibility was good.

6.2 Performance of the Environmental Perception Module
The results of the extrinsic calibration for the multi-LiDAR radar setup on the Deneb vessel are qualita-
tively depicted in Figure 11. Before calibration, the point clouds of the LiDAR sensor overlap, yielding
a chaotic point cloud. Utilizing a simple reflective warning vest with the SIMPLE-C calibration tool
(Figure 11a), and without requiring manual parameter adjustment, results in well-aligned point clouds
for all LIDAR sensors on Deneb, mapped to a global NED frame (Figure 11b).

The result of the overall transformation of LiDAR and radar data representing the scene at the pier
as a consistent global point cloud can be seen in Figure 11b.

(a) We utilize a simple reflective warning vest (b) Qualitative calibration results of all LIDAR sen-

and SIMPLE-C to perform semi-automatic extrin- sors on the Deneb vessel yielding a joint consistent

sic calibration of the LiDAR sensors point cloud at a pier scene in Rostock harbor. Map
tile by [55]

Figure 11: Qualitative results for multi-LiDAR extrinsic calibration using SIMPLE-C tool

Figure 12 illustrates a visual comparison of our navigation filter with GNSS receiver locations for the
Deneb vessel. The trajectory estimated by our navigation filter, implemented as an error-state Extended
Kalman Filter (ES-EKF), is indicated by the green dots, whereas the GNSS receiver data is marked by
the magenta dots.

The result of the LiDAR-based object detection module running on the Deneb can be seen in Figure 13.
While Figure 13a shows the camera visualization of the drive-by scenario of Messin and the remote-
controlled dinghy, Figure 13b presents the sensor data. At the location of both small vessels, the object
detection module detects two objects indicated by the bounding boxes and classifies them as small boats
with a classification confidence of 0.84 for Messin and 0.93 for the dinghy.

Figure 14 provides a qualitative overview of the resulting probabilistic occupancy grid mapping
(OGM). A grid is overlaid on a map [55], and each cell’s state is updated using LiDAR and radar
data from the Deneb vessel. Different shades of gray indicate the cell state: light gray denotes free space,
dark gray indicates occupied cells, and intermediate tones represent unknown regions. Areas located
behind occupied cells or outside the direct sensor line of sight are similarly classified as unknown, as their
status cannot be observed directly. Lastly, polygons are extracted from these occupied cells and shown
in blue, denoting static objects.
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Error-State Extrended Kalman Filter
®GNSS Receiver with RTK Fix

Figure 12: Visual result of the navigation filter (green) and the RTK-supported GNSS localization (ma-
genta) projected on map tiles [55] for the Deneb vessel in the Crossing scenario. The filter is parameterized
to compensate for the roll motion of the vessel seen in the sinusoidal trajectory of the GNSS solution.

small boat: 0.84

small_biat: 0.93

(a) Camera image of Messin vessel driving near (b) LiDAR and radar representation of the harbor

Deneb vessel for testing the object detection mod- environment mapped on a satellite map tile [55]

ule (blurred background) with LiDAR-based object detections indicated by
bounding boxes with confidence scores. Detected
are the USV Messin and the remote control dinghy,
correctly classified as small boats.

Figure 13: LiDAR and radar representation of the harbor environment with corresponding camera image.
Messin vessel and a dinghy for remote operation drive near the Deneb vessel for object detection tests.

Using the SIMPLE-C calibration tool for the LiDAR sensors and manual measurements for the re-
maining sensors, we accurately transformed each local sensor frame into a fixed body frame. As seen in
the result section, the calibration suffices for the environment-representation consistency. A navigation
filter was then employed to determine the vessels’ poses, yielding consistent high-frequency estimates.
As shown in the results section, the filter produces a trajectory that aligns with the ground-truth GNSS
receiver, yielding a sufficient qualitative range accuracy. However, a closer look at Figure 12 shows that
the GNSS receiver position follows a sinusoidal pattern. This is due to the roll movement of the vessel.
The filter solution compensates for the roll motion by fusing GNSS with IMU data and yields a smooth
trajectory presenting the forward motion of the vessel. This is desired as roll motion is a disturbance
in vessel control. Due to this roll motion of the GNSS antennas, other performance metrics such as the
2D error are not valid. The navigation solutions for both Deneb and Messin were subsequently made
available to the global trajectory planner in each scenario.

In the tested scenarios, we were unable to thoroughly evaluate the LiDAR-based object detection due
to sensor range limitations, the low mounting height of the Messin USV’s LiDAR, and the minimum safety
distance between Messin and Deneb, which prevented them from detecting one another. To further assess
the LiDAR-based method, we conducted additional close-proximity drive-by maneuvers, as described in
Section 5.2. Based on these tests, the detector successfully recognized both the Messin and the operator
dinghy, classifying them correctly as small boats, as seen in the results, indicating a sufficient detection
consistency and class plausibility. However, the LiDAR-based object detection module exhibited an
inference time of several seconds. One likely reason is the delayed arrival of point cloud data: each
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Figure 14: Probabilistic occupancy grid map on radar and LiDAR data in Rostock harbor environment.
Shades of grey indicate the probability of occupancy, while blue polygons present extracted static objects
from the map.

sensor’s output must be aligned using the appropriate transformations. The dynamic transformation
between Deneb’s body frame and the NED reference point can cause timing issues, and integrating ROS2
with a Python-based detection node may further contribute to inference delays. Figure 13b illustrates
this effect, where the point cloud for the actual boat appears slightly offset relative to its bounding box.

Because no objects were detected during the test scenarios, the multi-object tracking algorithm could
not be fully assessed. The extended inference time markedly reduced the frequency of available obser-
vations, hindering practical tracking. Moreover, since the BeLa vessel was not available and the dinghy
lacked both AIS and GNSS data, the scope for multi-object tracking remained limited. Therefore, we
could not assess the tracking stability.

The radar could increase the measurement range from about 100m to 600 m such that the Messin
vessel was visible during the scenarios. As there is no object detection module implemented for radar
data, the sensor could not be used for long-range 3D object detection.

When evaluating the grid mapping approach, both LiDAR and radar data were fused to generate the
map. Although reflections at varying heights can occasionally classify otherwise free cells as unknown
due to the birds-eye view projection, this is a rare occurrence in maritime environments unless elevated
structures like bridges are present. In such cases, individual adjustments can be made by using only
reflections with z-component below vessel height, and the conservative nature of the algorithm provides
a reliable buffer for free-space determination. Due to the radar’s high mounting position and its two-
dimensional scanning mode, nearby objects may not be accurately detected. Adjusting the LiDAR
sensor’s pose can help mitigate this issue. Polygon extraction from occupied cells generally captures large
clusters and labels them as static obstacles; however, the current implementation tends to register many
small polygons instead. Merging closely spaced polygons would yield a more consolidated representation.
Despite these details, the grid mapping and polygon extraction method operates in real time, benefiting
from a straightforward and efficient design. Overall, the grid mapping results show a sufficient static
mapping plausibility.

6.8 Performance of the Collision Avoidance Module
Figure 15 shows a sequence of the collision avoidance maneuver during the real-world tests, where the
calculated collision-free trajectories are marked in purple. The white circles around the vehicles have a
radius of 50 m each, with the origin at the center of gravity of the respective ship, and are only used for
visualization for the nautical staff onboard the Deneb. The sequence illustrates the three vehicles following
their trajectories, feedback-controlled and successfully executing the evasive maneuver as planned by the
central traffic management system. The colors of the past paths represent the respective vehicle speed
over ground. It can be seen here that the Messin, as the crossing vehicle, moves more slowly on the
trajectory in order to prevent a collision and gives the BeLa and Deneb the right of way in the navigation
channel.

In addition to the qualitative results of the avoidance maneuver in the confined area, we analyzed two
quantitative performance indicators for scenario execution. The first and decisive measure was how the
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Figure 15: Illustration of the collision avoidance maneuver of three vessels navigating in a head-on and
crossing scenario during the real-world tests at two points in time

distances between the vehicles evolved during the scenario, and whether these complied with COLREGs
and with the navigators’ specifications of good seamanship. The second measure was to what extent the
vehicles were able to track the generated trajectories. Figure 16 shows the summarized results of the
entire maneuver based on the test run shown in Figure 15.

For further quantification, Figure 16a shows the comparison of the planned (marked with ref) and
measured (marked with nav) positions of the evasion trajectories in the experimental area. To calculate
the FEuclidean distances between the vehicles involved for further evaluation, the geographical positions
have been transformed into the defined local coordinates, depicted in Figure 16b.

Figure 16c shows that the optimization generates valid avoidance trajectories since the minimum
distance within the scenario is approximately 55 m between BeLa and Messin at ¢ &~ 400s. According to
the definition, the distance between the two vehicles must not fall below 50 m. The minimum distance
between Deneb and Bel.a is approximately 92 m and between Deneb and Messin is approximately 168 m.

Finally, Figure 16d shows the comparison of the deviations between the optimized and automatically
tracked trajectories. This is important to validate to what extent the vehicles are capable of automatically
tracking the given trajectory, as they were generated using a generalized dynamical model for the vehicles
involved. The results show that the control deviations remain within a tolerable range. Specifically, the
maximum deviation in the case of Deneb is 6.4 m with an average error of 2.6 m. For Messin and Bela,
the values are 11.4m and 1.3m as well as 5.6 m and 0.7m respectively. For Messin in particular, as a
vehicle that is not fully actuated, the largest deviations occur at the beginning of the trajectory, moving
at a very low speed. After ¢t ~ 100s, the error decreases abruptly.

6.4 Limitations and Future Research

Given the modular design of our system architecture, limitation concerns the communication between
individual modules onboard and between vessels. These communication channels can experience delays
or data loss, which may affect critical perception tasks. When the system relies on outdated or incomplete
information, it can result in inaccurate trajectory planning or unsafe control actions. For example, the
vessel may be directed toward a location that is no longer valid or potentially hazardous. Incomplete
information can also reduce the system’s overall situational awareness. Hence, in the context of MASS,
further research is required to address a range of hazard-related questions, particularly those involving
interactions between shore-based infrastructure and vessels. These include vulnerabilities in communi-
cation systems, sensor dependencies and the level of redundancy needed to ensure safe operations in
various failure scenarios, [27]. Nevertheless, the concept is considered promising, especially for confined
and congested waters where vessels are already monitored by established traffic control centres. Such
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Figure 16: Results of the planned collision avoidance maneuver compared to the real world experiment

environments offer a structured framework within which autonomous transport systems can be more
easily integrated and managed.

The object detection capabilities are constrained primarily due to reliance on simulated data for
training purposes. Real-world datasets lack sufficient labels necessary for supervised learning, which
hampers accurate detection performance. To address this issue, future work could explore self-supervised
learning strategies or invest in manual annotation of real-world data. LiDAR technology presents another
limitation with its restricted distance view of approximately 100m. This is insufficient for applications
involving port environments that may span much larger areas. Expanding the range or integrating
complementary technologies, such as radar, on all vessels may enhance coverage. Radar integration
occurred at a late stage in the project, limiting its effective incorporation into the system architecture, such
as the object detection module. Fusing radar with LiDAR for enhanced object detection yields promising
future research. Further, both perception systems, LiDAR and radar, were unable to operate at their
rated measurement distances due to decreased signal-to-noise ratios at extended ranges. Additionally,
high inference times for the object detection module precluded assessment of the tracking methods.

The applied optimization approach can require calculation times for complex scenarios of approxi-
mately 90 seconds. In terms of the central system architecture under consideration, this is acceptable.
However, fast trajectory adaptations based on unknown dynamical objects that are detected at short
notice limit the approach. To reduce calculation times, obstacles are approximated as circles, which
represents a simplification in terms of the realistic mapping of structures. Finally, unknown dynamical
obstacles can currently only be taken into account to a limited extent, as the approach only adapts the
initial trajectories or paths in the sense of traffic management and cannot generate fundamentally new
trajectories.

In future research, we plan to expand the perception system by integrating camera inputs that provide
semantic information, as well as refining radar integration for more reliable long-distance object detec-
tion. We also intend to explore new training strategies for the deep learning-based detection module,
particularly approaches leveraging unlabeled data sets and additional sensing modalities. Additionally,
we aim to improve the detector’s inference time such that object tracking can be further investigated. Im-
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plementing factor graph-based tracking for multi-modal object detection stands as another key objective,
as it promises increased reliability and adaptability under diverse operational conditions.

Although the methods have been tested in reality, they rely on adequate sensor information, especially
GNSS position. Without this, automated operation is currently not possible, and the nautical officer
has to take over. Consequently, future research will focus on resilience to system faults. In addition to
developing alternative navigation procedures, strategies for pre-planning of maneuvers should be adapted,
and vehicle guidance and control should be more conservative. The use of a resilient GNC system is
intended to compensate for the impact of uncertain navigation information. Based on this, emergency
strategies should be developed to keep MASS within a perpetually safe state.

Finally, because GNSS signals are susceptible to jamming and spoofing, we aim to develop a more
robust navigation solution that uses GNSS only when reliable, while incorporating camera, LiDAR,
and radar odometry for local positioning. Moving toward a factor graph-based framework will enable a
flexible structure, global batch optimization, and the possibility of correcting historical data. We will also
investigate control strategies suited to GNSS-denied environments, where localization remains uncertain,
along with methods to enhance computational efficiency across the system.

7 Conclusion

This paper presented the current work of the GN2plus research project as an integrated approach for
networked multi-vessel automated maneuvering, combining robust navigation, advanced environment
perception, and centralized collision-avoiding trajectory generation. Tests were conducted under real
conditions in the port of Rostock using vessels of a relevant size and considering nautical requirements.
The results confirm the feasibility of safe and efficient operations in restricted port environments, paving
the way for wider adoption of autonomous maritime systems.
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