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Abstract—This paper presents a fully integrated autonomous
docking system validated through closed-loop sea trials on
the milliAmperel research ferry operating in a live maritime
harbour with moving vessels. Real harbour environments
require continuous situational awareness and adaptive decision-
making under dynamic traffic conditions. The proposed
architecture combines cartographic land masking, LiDAR-
based clustering, probabilistic multi-target tracking (JIPDA),
dynamic footprint estimation, adaptive docking pose selection,
and real-time path replanning within a finite state machine
framework. Rather than introducing new algorithms, the
contribution lies in system-level integration and operational
validation of a complete perception-to-control pipeline under
realistic maritime constraints. The system is demonstrated in
multiple closed-loop experiments including collision avoidance
and adaptive docking with moving obstacles. Results highlight
both performance characteristics and practical deployment
considerations, including runtime behaviour, sensor limitations,
and integration trade-offs. The work provides empirical
evidence that robust autonomous docking in dynamic harbour
environments can be achieved through carefully engineered
integration of established methods.

Index Terms—Autonomous docking, LiDAR-based tracking,
collision avoidance, field experiment, closed-loop control,
marine robotics.

I. INTRODUCTION

Autonomous surface vessels represent a transformative
technology for maritime transportation, driven by the need
to address crew shortages, improve safety, and optimize
operational efficiency. Recent focus on autonomous ships
has sparked intensive research into dock-to-dock operations,
with automated docking being particularly challenging. The
complexity of harbour environments, with their mix of static
infrastructure and dynamic obstacles, demands sophisticated
situational awareness systems.

Current autonomous docking approaches typically rely on
predefined dock geometries, visual markers, or simplified
environmental representations. The Docking Characteristic
Index (DCI) analysis by Lexau et al. [1] demonstrates
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Fig. 1: The milliAmperel ferry.

that current closed-loop autonomous docking systems have
notable limitations in dynamic obstacle handling, obstacle
position estimation, and sensor integration. These limitations
motivate the need for more comprehensive SITAW systems
capable of real-time environmental adaptation.

Recent work has demonstrated LiDAR-based docking
in controlled scenarios [2] and tracking-based collision
avoidance in open waters [3]. However, work showing
integrated SITAW systems capable of both adaptive docking
pose selection and real-time collision avoidance in cluttered
harbour environments have not been reported to the
authors’ knowledge. This work demonstrates the first
integrated system combining real-time obstacle tracking,
adaptive spatial reasoning, and closed-loop control for
comprehensive autonomous harbour operations validated in
complex maritime conditions.

The presented system employs LiDAR-based Situational
Awereness (SITAW) system for closed-loop docking and
near-shore manoeuvring. The approach combines precise
land masking, real-time obstacle tracking, and dynamic
assessment of available docking spaces to enable autonomous
vessels to identify free docking areas and determine safe
docking poses in real-time as harbour conditions change.

The proposed system was validated using real-world data
from the milliAmperel (MA1) research ferry ([4], [5])
and experimentally verified in closed-loop operation with a
control system, demonstrating effectiveness for both collision
avoidance and docking. The main contributions are:

o Closed-loop validation of a full-stack autonomous
docking system on an operational ferry in a live harbour
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environment with moving vessels. To our knowledge,
this represents the first integrated LiDAR-centric
perception-to-control pipeline demonstrated under real
maritime traffic conditions.

o A system-level architecture for dynamic harbour
docking, combining land masking using authoritative
cartographic data, probabilistic multi-target tracking,
dynamic footprint extension, adaptive docking pose
selection, and real-time path replanning.

« Adaptive dockability assessment under dynamic
obstacles, where available docking regions are
computed online based on tracked obstacle footprints
and vessel geometry.

o Operational insights from real-world deployment,
including practical limitations of LiDAR resolution,
tracking stability, runtime constraints, and software
integration challenges in safety-critical maritime
systems.

Unlike algorithm-centric contributions that focus on
isolated perception or planning modules, this work
emphasizes system-level integration and operational
validation. The novelty lies not in proposing new clustering,
tracking, or planning algorithms in isolation, but in
demonstrating how established methods can be composed
into a robust, closed-loop docking architecture validated
under real maritime traffic conditions.

II. BACKGROUND
A. Sensor Technologies for Maritime SITAW

Maritime situational awareness systems rely on various
sensor modalities, each with distinct advantages and
limitations. Radar has proven effective for long-range
detection and tracking in open waters ([6], [7]), but
suffers from poor resolution at short ranges typical in
harbour environments ([8]). Camera-based systems provide
rich visual information and have benefited from advances
in computer vision ([9]-[11]), but performance degrades
significantly in adverse weather conditions and requires
additional processing for range estimation ([12]). LiDAR
sensors offer advantages for harbour operations, providing
accurate range measurements from centimeters to hundreds
of meters while maintaining effectiveness in fog and
darkness. However, LiDAR data requires sophisticated
processing to distinguish between different object types,
as the sensor provides geometric rather than semantic
information.

B. Detection and Tracking Methods

The detection stage forms the foundation of any
tracking system. For range-bearing sensors like LiDAR
and radar, clustering algorithms are the standard approach
for grouping sensor returns into detections ([13], [14]).
While convolutional neural networks have been explored
for LiDAR-based maritime detection ([15], [16]), real-world
effectiveness remains inconclusive compared to traditional
clustering methods. Multi-target tracking in maritime
environments presents unique challenges due to complex

Fig. 2: Unfiltered (left) and filtered (right) point clouds in
OpenCV image.

motion patterns and measurement uncertainties. The Joint
Integrated Probabilistic Data Association (JIPDA) tracker
[17] has demonstrated reliable performance in maritime
applications using both LiDAR and radar data ([13], [18]).
Current state-of-the-art approaches include Poisson Multi-
Bernoulli Mixture (PMBM) trackers ([3], [19]), though these
require greater computational resources.

C. Autonomous Docking Approaches

Existing autonomous docking methods can be categorized
into several approaches. Marker-based systems rely on visual
or electronic beacons to identify predefined docking locations
([20]-[22]). Geometry-based methods detect dock structures
using sensor data, such as LiDAR line detection or stereo
vision with stixel representations ([23], [24]). Map-based
approaches combine sensor data with prior environmental
knowledge to identify manoeuvrable areas ([2]). However,
these methods typically assume static environments and
struggle with dynamic obstacles such as other vessels
entering or leaving docking areas. Few existing systems can
adaptively update available docking spaces based on real-
time obstacle tracking.

D. Closed-Loop Maritime Systems

Several research efforts have demonstrated SITAW
systems operating in closed-loop with vessel control. Hem et
al. validated their tracking system for collision avoidance in
open waters ([3]), while Martinsen et al. developed a control-
focused approach using LiDAR and maps for docking ([2]).
The Roboat project represents a successful implementation of
autonomous water taxis with integrated collision avoidance
and control ([25], [26]). However, comprehensive systems
that handle both collision avoidance and adaptive docking in
dynamic harbour environments remain limited.

III. METHODOLOGY

This section describes the tracking pipeline, adaptive pose
selection, and motion control systems that were developed
for the COLAV and docking experiments.

A. Land Masking

The first step of the tracking pipeline is land masking. For
this step, we used a map of the experiment site at Nyhavna
basin in Trondheim, Norway, provided by the Norwegian
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Algorithm 1 Land Masking Algorithm

input_pc
output_pc < empty list
image < OpenCV image of specified size
Draw circle around the vessel in image
Draw map contours in image
Dilate tmage
contours < find_contours(image)
con_idxr < 0
for idx, contour in contours do
if vessel_pos in contour then
con_idx < idx > The index of the smallest contour
that contains the MA2 position
end if
end for
inside_contours < list(con_idx)
for idx, contour in contours do
if point_on contour inside contours[con_idz] then
append tdzx to insitde_contours > All contours inside
MAT’s sea contour, normally floating docks.
end if
end for
for point in input_pc do
pixel < point_to_pixel(point)
if pizel in contours[con_idx] then > Check if point is in
main contour
for idx in inside_contours do
if pizel not in contours|idz] then
point <— pixel_to_point(pizel)
append point to output_pc
end if
end for
end if
end for
return output_pc

Mapping Authorities. The map provides detailed information
of the contours of the harbour, including floating docks. In
order to scrutinize this information for land masking, we
convert the map to an OpenCV image, which allows us
to readily extract the contours of the harbour environment
([27]). The intermediate results can be seen in Figure 2,
where the map contours are black-, the LiDAR points red-
and the OpenCV contours are blue lines. The LiDAR points
that fall within land contours are subsequently removed. The
full algorithm is described in Algorithm 1. With the chosen
resolution of the OpenCV image, the method enables land
masking on a decimeter-level of precision. The resolution
can be increased, however, this was not deemed necessary
for the purpose of the experiments presented here.

A challenge of relying on maps for maritime control
systems, is the varying water levels with tides. In our
scenario, we are mostly concerned with docking to a floating
dock, and performing COLAV in safe distance to any varying
shore line.

B. Target Tracking System

The proposed tracking framework uses the Density-Based
Spatial Clustering of Applications with Noise (DBSCAN)
clustering scheme to generate detections from the land
masked LiDAR points ([28]). By following this approach,
we seek to minimize the amount of false tracks. The
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Fig. 4: Method for finding safe area and docking pose.

detections are passed into a Joint Integrated Probabilistic
Data Association (JIPDA) tracker that estimates the position
and velocity. The outputs from JIPDA are commonly referred
to as tracks, or obstacles. Furthermore, the footprints of the
tracks can be obtained by taking the convex hull of the
clusters, which yields a rough estimate of the obstacles’
extent ([19]).

For dynamic obstacles, tracks with a speed greater than
a tunable threshold had their footprints extended in the
direction of their velocity vectors. The extended footprint
represents the predicted swept area that the obstacle could
occupy over the next 20 seconds based on its current
trajectory. This 20-second horizon provides adequate safety
margins for typical harbour manoeuvring speeds. An example
of a dynamic obstacle with elongated footprint can be seen
in Figure 3.

C. Adaptive Docking Pose Selection

Given a rough docking point from the operator, the
adaptive docking pose system identifies safe, convex dock
regions and computes a precise docking pose when the vessel
enters sensor range. The method is illustrated in Figure 4 and
described as follows:

e Step 1 - When the vessel is within a tunable radius of
the desired docking point (marked as the red 7X”), the
system identifies nearby obstacles.
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o Step 2 - The system finds the map contour closest to
the desired docking point and transforms coordinates to
the contour reference frame.

e Step 3 - The system generates lines at regular
increments perpendicular to the map contour, each with
the length of MAL. Areas where lines intersect with
obstacles are marked as unsafe.

e Step 4 - The system identifies safe regions and filters
out any region smaller than MA1’s width plus safety
margin.

o Step 5 - The system selects the docking position in the
closest safe area, accounting for MA1’s dimensions. /2
and w/2 represent half the length and half the width of
MAL, respectively.

o Step 6 - The system transforms back to the world frame
and sets the heading angle perpendicular to the map
contour.

Land masking enables the tracker to maintain confident
tracks on docked vessels, as LIDAR points from these vessels
will not be clustered together with the dock structure. With
tracks on the obstacles, the system responds quickly when
vessels undock or otherwise obstruct the planned route.

D. Motion Control System

The motion control system consists of a path planner, a
guidance law, a reference filter, a low-level control system,
and thrust allocation. The control- and thrust allocation
systems were previously developed by [29].

The path planning system employs A* search on a
uniform grid to generate an initial collision-free path
through obstacles from the current position of the
vessel, to any desired point in the basin. The raw
waypoint sequence is smoothed using cubic B-splines
with tangent-continuous concatenation, where each curve
segment maintains derivative continuity at junction points.
An iterative segment-merging approach tests increasingly
long waypoint jumps to minimize path complexity while
respecting safety constraints. The smoother incorporates
intermediate control points and safety buffering around
obstacles to ensure collision avoidance. This hybrid approach
balances computational efficiency with smooth, navigable
trajectories.

The adaptive line-of-sight (ALOS) guidance law, proposed
by Fossen in [30], was used for path following in this work.
Furthermore, a nonlinear reference filter was employed to
generate smooth, continuous, reference signals to the control
system. A dynamic positioning (DP) system was used for
low-level control.

IV. EXPERIMENTAL SETUP
A. Research Vessel

The research vessel is the milliAmperel stainless steel
autonomous ferry prototype, see Fig. 1. From 2017 it has
been used as testing platform at the Norwegian University of
Science and Technology (NTNU). The main characteristics
of MA1 are given in Table L.

TABLE I: Technical specifications for milliAmperel.

MA1 Particulars

Length (LOA) 5.0 m

Beam 2.8 m

Draught 0.2 m

Total draught (w/thrusters) 0.6 m

Air draught 33 m

Light weight 1.8 tons

Max passengers 6

Propulsion 4 azimuth thrusters (1.6 kW each)

Operation speed 3 knots

Max speed 5 knots

Energy Electric, 24V DC system

Batteries Lead-Acid VRL, 24 kWh

Navigation sensors RTK GNSS-compass, IMU

SITAW sensors IR/EO cameras, X-band radar,
anemometer, LIDAR

Fig. 5: Obstacle vessel used in the closed loop experiments.
The vessel was augmented to compensate for limited 16-ray
LiDAR resolution.

B. Closed Loop Experiments

The experiments were designed with the primary goal of
testing the perception system as part of a real-time control
system. A Buster XL vessel, see Figure 5, was used as an
obstacle vessel. To overcome limitations with the 16-beam
LiDAR sensor, which has fewer vertical scan lines than
current-generation sensors, the vessel’s height and visible
area were increased in a pragmatic manner.

The closed-loop experiments are illustrated in Figure 6.
Experiment 0 was included to verify that the integrated
system worked properly. In experiment 1, the target tracker is
evaluated in a standard crossing collision avoidance scenario.
In accordance with COLREGS, the research vessel is the
give-way vessel as the obstacle vessel approaches from
the starboard side. Experiments 2 and 3 are pure docking
experiments. Experiment 2 evaluates the docking pose
selection scheme. The final experiment extends experiment
2 by involving a dynamic obstacle to assess the scheme’s
adaptability.

V. CLOSED LOOP IMPLEMENTATION

The system architecture is based on a finite state
machine (FSM) that integrates the target tracker, adaptive
docking pose scheme, path planner, and motion control
system with the necessary logic for collision avoidance
and state switching. Since the research vessel relies on the
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Fig. 6: Closed loop tests, from top left to bottom right, 0, 1,
2 and 3.

Robot Operating System (ROS) for internal and external
communications, the integrated system was implemented
using ROS nodes with topics and service calls for message
passing between components.

A. Finite State Machine

The workflow of the integrated system is represented by
the Unified Modeling Language (UML) state diagram in
Figure 7. All experiments start at the INIT state, transitioning
to NORMAL OPERATION as soon as the path finder outputs
a safe and valid path. The IDLE state is the end state, which
is reached when the experiment has concluded. In this state,
the DP system is used for station-keeping. If a potential
future collision is detected while in NORMAL OPERATION,
the FSM will transition to COLAV. If the current test is a
docking experiment, the FSM will transition from NORMAL
OPERATION to DOCKING INIT when the vessel is within a
certain radius of the initial docking point. In the DOCKING
INIT state, first the final docking pose and the safe convex
regions will be computed. Next, the path planner finds a
safe, smooth path from the vessel’s current position to the
final docking pose. If the final dock point and path are valid,
the FSM will transition to DOCKING. If the path becomes
obstructed during DOCKING, the FSM will transition back
to DOCKING INIT. Upon reaching the final dock pose, the
FSM transitions to IDLE.

As such, experiment O will have a predictable state flow:

INIT — NORMAL OPERATION — IDLE.

The state flow of experiment 1 will look something like:

INIT — NORMAL OPERATION — COLAV —
NORMAL OPERATION — IDLE.

Furthermore, we expect the flow of experiment 2 to be:

INIT — NORMAL OPERATION — DOCKING INIT —
DOCKING — IDLE.

Finally, experiment 3 should produce the following state
transition flow:

If path found

NORMAL

OPERATION If within goal

radius and not
If collision docking scenario

detected,

If within docking
radius and docking
scenario

If dock point
found and
path found

If collision

detected If dock point

reached

Fig. 7: State machine diagram.

Fig. 8: Open-loop tracking results. Unfiltered (left) vs.
filtered (right), showing improved obstacle detection.

INIT — NORMAL OPERATION — DOCKING INIT —
DOCKING — DOCKING INIT — DOCKING — IDLE.

VI. RESULTS
A. Open-Loop Experiments

The following results demonstrate the effectiveness of
the proposed land masking scheme using data collected
during open-loop experiments with the MAI1 ferry in
Trondheim harbour. Figure 8 shows tracking results with and
without land masking applied to LiDAR data. The filtered
case produces substantially fewer false tracks and clearly
identifies docked vessels near the floating dock, while the
unfiltered case generates numerous spurious tracks from dock
infrastructure and static objects.

Without ground truth measurements for tracked obstacles,
evaluation relied on qualitative analysis of system behaviour,
which effectively demonstrated system capabilities in
realistic maritime scenarios.

Figure 9 demonstrates the impact of land masking
on docking space identification. Without proper filtering,
the system incorrectly clusters docked vessels with dock
infrastructure, preventing accurate identification of available
docking areas. The filtered case clearly separates obstacles
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from infrastructure, enabling precise assessment of safe
docking regions.

B. Closed-Loop Experiments

The closed-loop experiments demonstrate the integrated
system’s performance in real maritime conditions. In all
figures, the black dot and line represent MA1’s position and
trajectory, the red line shows the planned path, blue polygons
indicate tracked obstacle footprints, and the red ”x” marks
the target location.

All experiments were held under calm weather conditions
with little wind and clear visibility.

Experiment 0, intended as a basic integration test without
obstacles, encountered an unexpected vessel that triggered
the collision avoidance logic. Figure 10 shows the system
successfully replanning the path as the obstacle’s footprint
intersects the original trajectory. The obstacle appears to
cross the planned path because the collision avoidance
procedure activates and replans while the obstacle passes
through the area. Post-experiment analysis revealed a
software bug that caused approximately 10-second delays in
path replanning due to unnecessary plot generation processes.

Experiment 1 demonstrates the system’s response to a
deliberate crossing scenario. Figure 11 shows successful path
replanning as the obstacle vessel crosses from left to right
and back. The curved trajectory of MA1 results from the
aforementioned software bug, which caused the system to
withhold control inputs during plot generation, leading to
vessel drift until new paths were computed.

The docking capability is demonstrated in Experiment 2,
shown in Figure 12. Following correction of the software bug
identified in earlier experiments, the system initially plans a
path to the desired docking point, then calculates available
docking area and determines a safe pose before planning the
final approach path. Figure 12 shows that the vessel follows
the initially planned path, calculates docking pose and the
corresponding path and is able to reach the planned position.

Experiment 3 extends the docking scenario with dynamic
obstacles. Figure 13 demonstrates the system’s adaptability,
initially planning for the original pose but successfully
recalculating a different docking location when the obstacle
creates a conflict. The results show the system initially
calculating the docking pose to the available spot at the south
end of the dock. Immediately after planning the path the
system detects a collision due to the instability of a track
giving it a false velocity leading to the extension of the
footprint. This makes the system find a new docking position
and at this time the obstacle vessel has moved along and a
closed docking position is available. The system then plans
a path to this position and executes the manoeuvrer.

C. Runtime

The SITAW system operates with two main computational
components: continuous perception and tracking, and event-
driven planning algorithms. The main perception loop,
indicated by track publication frequency, operates at an
average of 2.6 Hz. Event-driven components include path

Fig. 9: Docking region identification: filtered (left) vs.
unfiltered (right) showing accurate area detection.

planning during collision avoidance and docking area
calculation during docking initialization. Due to the software
bug identified in experiments O and 1, where unnecessary plot
generation caused significant delays, runtime analysis from
these experiments is not representative. Simulation studies
indicate the path planner operates efficiently with runtimes
between 0.1 to 0.5 seconds, and in the experiments the time
from the system entering path planning to exiting, was on
average 1.2 seconds.

VII. DISCUSSION

The closed-loop experiments successfully validated the
integrated perception and control system for autonomous
harbor operations. However, the real-world implementation
revealed important considerations regarding  sensor
limitations, system performance characteristics, and
control integration for future autonomous maritime systems.

A. Hardware Constraints

The MAI1 ferry’s sensor configuration presents several
limitations. The LiDAR’s 16-laser vertical resolution
occasionally produces unstable detections when horizontal
planes misalign with obstacle hulls, affecting both detection
reliability and footprint estimation accuracy. This limitation
particularly impacts velocity estimation for dynamic
obstacles, leading to noisy footprint extensions that can
complicate docking pose selection in the presence of moving
vessels.

B. System Performance

The perception loop operates at 2.6 Hz, sufficient
for experimental scenarios but limiting potential tracking
performance compared to higher update rates. During path
replanning, the system transitions to IDLE state where
dynamic positioning maintains vessel position through
station keeping. The current implementation does not replan
optimal paths after obstacles clear, instead maintaining
collision avoidance paths until destination - adequate for
demonstration but representing future areas of improvement.

C. Control System Integration

The adaptive docking pose selection system generates
safe, convex docking regions that provide valuable spatial
information for autonomous docking operations. However,
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Fig. 10: Evolution of tracks, path and position in experiment 0. While intended as a basic system integration test, an
unexpected vessel entry triggered collision avoidance, demonstrating real-world system capabilities.
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Fig. 13: Evolution of tracks, path and position in experiment 3. The path is recalculated between the second and third

figures. The rightmost figure depicts the final calculated dockable areas.
VIII. CONCLUSION

This paper presents an integrated perception, tracking, and
control system for autonomous surface vessels operating in

these safe, convex docking regions were not directly
near-shore environments, focusing on docking and collision

integrated with the control system in this implementation.

Future work could incorporate these regions as spatial
constraints for Model Predictive Control systems, potentially

improving docking precision and safety.
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avoidance. The system combines LiDAR sensing with precise
land masking to filter irrelevant data points, enabling reliable
detection and tracking of obstacles. This allows the system
to reliable perform collision avoidance and dynamically
assess available docking areas. Previous autonomous docking
systems, such as reviewed by Lexau et al. ([1]), typically
assume static harbour conditions and use predefined docking
poses. The proposed system, however, adapts in real-time to
environmental changes and obstacle movement. Validation
using real-world data from the milliAmperel research
ferry and closed-loop experiments demonstrates effectiveness
for both collision avoidance and autonomous docking in
dynamic conditions.

The primary contribution of this work is empirical
validation of a complete autonomous docking pipeline in
a live maritime harbour environment under dynamic traffic
conditions. These results provide a foundation for future
development of robust autonomous maritime operations in
complex near-shore environments.
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