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Disclaimer

This project has received funding from the European Union's Horizon2020 Framework
Programme, through the European Climate, Infrastructure and Environment Executive Agency
(CINEA) under the powers delegated from the European Commission and under Grant
Agreement No. 101037564.

The content of the publication herein is the sole responsibility of the publishers and it does not
necessarily represent the views expressed by the European Commission or its services. While
the information contained in the documents is believed to be accurate, the authors(s) or any other
participant in the PIONEERS consortium make no warranty of any kind with regard to this material
including, but not limited to the implied warranties of merchantability and fitness for a particular
purpose.

The user thereof uses the information at its sole risk and liability. For the avoidance of all doubts,

the European Commission has no responsibility or liability with respect to this document, which
is merely representing the authors' view.
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1 - Executive Summary

This report presents the outcomes of the PIONEERS project demonstration on automated
vessels, focusing on the successful deployment of remote operation and enhanced autonomy
technologies in maritime operations.

The main goal of this demonstration is to present the results of the real-world remote operation
of barges implemented with the previous periods of the project [1]. This technology results in
reduced crew operation of the vessels and consequently answering the issue of lack of crew in
labor market. Consequently, with increasing the operational hours of the vessels sailing in the
waterways, there is less need for the trucks to do the transportation. Since one standard barge
can replace 53 trucks and a truck's CO2 emissions are 105g per ton-kilometer while a standard
barge emits only 41g per ton-kilometer there is a huge reduction in CO2 emissions by increasing
vessels operational hours. This increase of operational hours of the vessels can be done by
centralizing the workforce required for the sailing. This is also important to mention that a
standard barge can load 400-600 tons. An average truck can carry 20 tons.

Seafar and imec collaborated on this initiative. Seafar has demonstrated the feasibility of
operating remotely controlled vessels in the Port of Antwerp area. Imec has shown the feasibility
of path planning methodology using a specific simulator developed by CoSys lab at Antwerp
University. The key advancements achieved include improved situational awareness through Al-
driven object detection and navigation systems, enhanced autonomy through advanced path
planning, and the use of simulators for developing and testing new technologies.

The demonstration showcased a remote-operated barge with secure connection between the
vessel and the Remote Operation Center (ROC). This system integrates data from Global
Navigation Satellite Systems (GNSS) and live camera feeds to give operators real-time control
and environmental awareness. Connectivity was ensured even in challenging port environments.

A major component of the project was the enhancement and utilization of simulation tools based
on Unreal Engine and Microsoft AirSim, allowing the testing of new algorithms in a virtual
environment. This approach facilitated the creation of safer, more efficient path planning
algorithms.

The other key developments in the project include object detection and distance estimation
using radar and camera fusion, which were both crucial for enhancing safety through providing
remote operators with precise data to make informed decisions. This development is tested on
real world data and in real operation scenarios. The results prove that enhanced situational
awareness is possible by real time object detection, segmentation, and distance estimation
methodologies.

An interactive part of the demonstration further showcased the practical application of these
technologies, offering stakeholders a VR experience and the opportunity to interact with
simulators, thus highlighting the potential for scalability and broader adoption in the maritime
industry.

Deliverable 7.4 - Demo Report on Automated Vessels 7
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2 — Objectives and Barriers

The main objectives of this demonstration report is to address the key elements introduced in the
grant agreement. The main objectives are listed below.

1. Final demonstration of an automated barge, controlled by a remote-control centre:
Operating along the waterways between Antwerp-Willebroek and/or Antwerp-Venlo.

3. Assessment of feasibility of the technology and benefits to the environment & society and
to shippers and transport users.

Therefore, for preparation of this demonstration we have implemented the automation
technology on a modern barge built recently and demonstrated the remote operation as
explained in the rest of the article. The trajectory considered for sailing included port of Antwerp
and a part of river Schelde toward port of Willebroek. Finally, we have explained in the conclusion
the benefit of the technology and its affect on the environment and society.

The economical effects of remote operations can be expressed based on the reducing the
operational costs for the vessels owners. To explain, a substantial portion of a captain's time
onboard is spent in port and during idle hours. Time spent in port encompasses waiting for
activities such as loading, unloading, refueling, and maintenance. Remote operation has the
potential to significantly reduce these idle hours, thereby increasing the vessel's green
operational hours. While a vessel is waiting for loading to be completed, a remote operator can
seamlessly switch to another vessel, continuing operations without interruption. This flexibility
ensures that operational efficiency is maximized, and downtime is minimized, leading to more
sustainable and productive use of resources. This also reduced the operational costs for the
vessel owners since no longer the ide hour of the crew onboard is paid.

The key challenges that we faced on the way to prepare for this demonstration were
encountered across regulatory, operational, and technical domains. Regulatory challenges
included navigating the lack of clear frameworks for remote and unmanned vessels,
necessitating engagement with authorities to address legal compliance. Operationally,
challenges arose from the need for advanced situational awareness tools and ensuring safe,
efficient vessel control. Technically, issues such as data processing delays posed significant
hurdles. Technical solutions involved Al-based systems for real-time object detection and
situational awareness and consequently receiving feedback from remote operators.

Deliverable 7.4 - Demo Report on Automated Vessels 8
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3 - Introduction - Remote Control
Technology

Remote operation and automated sailing are complex technological fields that require expertise
across several disciplines, including computer science, software and hardware engineering,
robotics, Al, marine engineering, and telecommunications. Successful implementation of these
systems hinges on a deep understanding of system integration, cybersecurity, human-machine
interaction, and environmental factors. A multidisciplinary approach combining technical
knowledge with practical experience is essential for safe and efficient maritime operations. Key
elements for successful remote operations include monitoring systems that utilize sensor data
and real-time visual feeds from onboard cameras, as well as control methodology which allows
remote control of the vessel from an office station.

The key elements of remote operation technology are introduced in the scoping document [1]. In
remote maritime operations, situational awareness is crucial for operators who control vessels
from distant locations. For instance, in the demonstration, the vessel's position is tracked by a
GNSS receiver and transmitted to the ROC via a secure link. This positional data is displayed on a
map for the operator. Additionally, live camera feeds from the vessel's surroundings are streamed
to the ROC, allowing the operator to adjust camera angles and monitor the vessel's environment.
The operator also observes navigational parameters such as heading and speed through a
monitoring dashboard, which aids in making safe operational decisions. To be able to operate
different vessel types from a single ROC, standardization of control protocols is heeded and is
ensured by the vehicle control system (VCS). VCS plays a crucial role in standardizing control
across a diverse fleet of vessels. It integrates various vessel control protocols into a unified
framework that can be managed from the ROC. This standardization ensures consistent and
efficient remote operation, regardless of the vessels' original designs. By minimizing the need for
extensive modifications, the VCS facilitates the rapid integration of vessels into the Seafar
platform, enhancing operational efficiency and safety across the fleet

Furthermore, reliable connectivity is fundamental for remote operations. As illustrated in the
project, data transfer from the vessel to the cloud and ROC must be seamless, with adequate
coverage and redundancy ensured by the IT team. The need for high bandwidth is particularly
critical in busy port environments and cross-border scenarios. The demonstration in this project,
illustrates a use case in Port of Antwerp, where both adequate connectivity and situational
awareness are mandatory.

In this demonstration, we have shown the operation of a remotely operated barge sailing in the
Port of Antwerp area toward port of Willebroek. This demonstration mainly focused on the
technology aspect of the remote operations. However, regulations, and operational feedback
also played an important role in the real-world operations. A lot of discussions took place
between Seafar and Port of Antwerp-Bruges to receive exemptions from the current law on the
normal operations of the vessels. Daily operations of the barges and the feedback from the
operators also enabled the improvement of the system.

Deliverable 7.4 - Demo Report on Automated Vessels 9
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In the next section, we discuss the improved autonomy and its importance in the operations of
the barges. We elaborate the need for simulators to test the system and the path planning
methodology developed in the project, In Section 5, we provide the solutions we developed
during the project for a safer system. In section 6, we present the key insights from the interactive
part of the demonstration with the audience present from the consortium. Finally, we end the
document with the conclusions and next steps.
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4 — Activities Carried out as Part of the
Demonstration Towards Improved
Autonomy

Autonomous navigation is expected to offer multiple benefits in the future, such as improved
safety through reduced human error and collision avoidance, increased efficiency through
optimized routing and more consistent operations, more sustainable and cost-efficient transport
through reduced fuel consumption and more flexibility and scalability through easier updating
and scaling of the solutions.

Due to the constraints imposed by vessel commercial operations, which limit access to vessels
for on-board testing and demonstration, most of the developments for this demonstrator were
carried out in simulation. A simulated environment allows for rapid prototyping and testing of a
variety of different solutions. The main features that we selected for a simulator are to support
various vessels and sensors, being customizable and scalable, and being lightweight.

4.1 - The Necessity to Use a Simulator

The vessel movement simulator, built on Unreal Engine and leveraging an adjusted version of
Microsoft AirSim offers significant value in the realm of maritime operations and machine learning
research. The Cosys-Airsim implementation is an expanded version of Microsoft Airsim that adds
different sensor and vehicle models to the original version, more info can be found in the paper
of Jansen [2]. By generating simulated RADAR datasets, it provides a safe and controlled
environment for testing and optimizing vessel navigation algorithms without the need for real-
world trials, which can be costly and risky. The simulated data mimics the complexities of a port
environment, modelled on the entryway in the Port of Antwerp to the Albert Canal, including
varying traffic conditions and potential navigational challenges. This enables researchers and
engineers to tweak parameters, test different strategies, and train machine learning models with
high-quality data that comes close to real-world conditions, ultimately enhancing the accuracy
and reliability of vessel detection, collision avoidance, and autonomous navigation systems.

Moreover, the simulator's adaptability allows for continuous improvement and customization,
making it a powerful tool for ongoing development and testing. By using synthetic RADAR data,
developers can address specific edge cases that are difficult to capture in real-world data
collection, such as rare events or extreme weather conditions. This flexibility accelerates the
development cycle by providing immediate feedback on system performance under a wide
range of conditions, thus refining machine learning models faster and more efficiently. The use
of Unreal Engine adds a high degree of realism to the simulations, allowing for precise
adjustments to environmental factors and vessel behaviour, which are beneficial for creating
robust and resilient algorithms. This tool not only advances technological innovation in maritime
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navigation but also reduces operational costs and enhances safety by providing a virtual testing
ground for new solutions before they are deployed in actual port environments.

4.2 - Path Planning

Within this demonstrator, we have made a step towards the ultimate goal of autonomous
navigation by developing path planning software in simulation. To set up such a path planning
software, we have used the AirSim simulator developed by Cosys (see section 3.1). The Cosys-
AirSim simulator was adapted to allow for 3-degrees-of-freedom nonlinear vessel dynamics,
using realistic vessel parameters. Since radar is a sensor commonly installed on most vessels,
with a safety-compatible range of detection, radar was assumed as the source for the
representation of obstacles around the observer vessel. Since the Cosys-AirSim simulator
originally featured only LIiDAR, this simulated sensor view was adapted into a radar-like view
using image processing techniques. This representation is further converted to an obstacle map
in the format expected by the path planning algorithm.

The path planning algorithm is based on the dynamic window approach and performs local
planning by simulating the observer vessel dynamics and by taking into account the obstacles
simulated in real time by the simulator. Those obstacles consist in static obstacles of the Port of
Antwerp-Bruges digital environment developed by Cosys and in dynamic obstacles (simulated
vessels in movement).

Figures 1 and 2 show results of the path planning algorithm, with views of the simulator (left) and
of the obstacle internal representation (right). The algorithm was able to successfully navigate in
the virtual Port of Antwerp-Bruges, avoiding both static and dynamic obstacles whilst dealing
with a nonlinear vessel dynamics model.

Figure 1 Example 1 of path planning result.
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Figure 2 Example 2 of path planning result.
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5 - Introduction to Improved Safety
and enhanced situational awareness

The success of remote navigation of inland ships relies heavily on the capacity of ensuring the
safety of the operations. A remote operator should not only be provided with the tools that allow
them to control the vessels but also with those that allow to maintain a clear understanding of
their surrounding environment, upcoming obstacles or infrastructure and so on.

< B _"“'-\.
¢ Seafar Cloud)_:)

—

Ay

(B) Network Connectivity

(C) Barge

At the office (on shore) in Antwerp In the Port of Antwerp

() Remote Control Station

Figure 3 SEAFAR remote control approach

The remote operator's situational awareness relies first and foremost on two important elements:
1. A vehicle Control system that interfaces with on-board hardware components, i.e. actuators
(PLCs, Engines, thrusters, rudders),

2. Sensors (Cameras, AlS transceiver, Radar antenna),

3. A reliable communication network enabling high-quality and high-speed data transmission of
mission-critical messages.

Having that base covered, it is possible for a remote operator to sail. However, this still doesn't
fulfil the full potential of remote operations as it does not minimize human error proneness,
neither help scale-up this new shift.

Therefore, and in order to increase the safety, efficiency, and reliability of remote operations
SEAFAR & imec worked together under the scope of PIONEERS on enhancing situational
awareness by utilizing Al-based techniques that analyse the vast amount of data generated from
on-board sensors to generate mission-related information and warnings for the remote
operators.

Deliverable 7.4 - Demo Report on Automated Vessels 14



PIONEERS

SEAFAR worked on leveraging real-time video feed from cameras to generate real-time object
localisation by using deep-learning-based computer vision techniques running on local Al
processors that are later translated into visual markings on the remote operator's screen(s). A
results section will follow below showcasing the remote operator's interface.

Imec on the other hand worked on a data fusion solution combining Radar and image data to
assign a distance approximation to visible obstacles which is discussed in the next sections.

5.1 — Object Detection

In this section we focus on the object detection solution. We provide the methodology, required
hardware, object detection model, active learning and the utilized methodology for continuous
improvement, and the results.

A) Methodology

The methodology of object detection is explained in this section. The system designed is
visualized in Figure 4.

Object Detection System Design

Data-driven Continuous model improvement

Data Active Learning

Acquisition Module

| Edge-Al device: Nvidia AGX ORIN

Figure 4 End-to-End Object Detection Flowchart.

On the subject vessel, the live camera stream will be acquired in real-time and pre-processed
into individual frames. Each frame will be immediately processed by the object detection model
that will localize target obstacles (all types of vessels in this use case) and represent them with
2D bounding boxes. This information will be sent through the cloud to the operator's interface in
the ROC, enhancing their situational awareness.
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This Data-driven process requires several iterations of continuous improvement, as the vessel,
and subsequently the object detection model, will encounter new types of objects or new
scenarios. So in order to ensure the model keeps on performing well, we apply a data-centric
improvement method by running a data collection module on the device that sends the data
through the cloud to our internal servers where we apply custom-made, Al-powered data
filtering techniques to add a new set of useful images to the training dataset and re-train a more
robust model then re-deploy it on the device.

A part of our demonstration event focusing on the enhanced safety included the object detection
methodology. During this section at the demonstration day, we presented the three main pillars
of the object detection solution: The Hardware infrastructure deployed onboard the vessel, the
object detection model architecture and the data filtering technique used for dataset enrichment.
We will explain these pillars in the following sections.

B) Al Hardware Infrastructure

The Nvidia AGX Orin, Nvidia's latest model, is a cutting-edge Al-based hardware platform
specifically designed for high-performance computer vision at the edge. It excels in delivering
low-latency, real-time object detection, enabling swift and accurate responses in dynamic
environments. With its advanced computational capabilities, the AGX Orin handles complex Al
workloads efficiently, making it ideal for applications requiring rapid processing. Additionally, it
prioritizes privacy by processing data locally, reducing the need for data transmission to the
cloud, and thus ensuring sensitive information remains secure.

Figure 5 3D view The Nvidia AGX Orin [source: Nvidial.
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The Nvidia AGX Orin is a State-of-the-art, top of the market Embedded Al device, offering high
computational capability, as shown in the table below, that can host powerful computer vision
applications for various applications. On top of that, since it hosts a Linux environment which
opens the opportunity to utilize many open-source software tools crucial to run our object
detection pipeline described in the previous section, hence it was our go-to choice to deploy on
the subject vessel of this project.

Table 1. Key computational specifications of Nvidia Jetson AGX Orin [3].

Al Performance 275 TOPS

GPU 2048-core NVIDIA

Ampere architecture GPU with 64
Tensor Cores

GPU 1.3 GHz

Max Frequency

C) Object Detection model Architecture

The latest YOLO (You Only Look Once) models represent the state-of-the-art in real-time object
detection, offering a powerful blend of speed and accuracy. These models are built on a
lightweight architecture, making them highly efficient for deployment on a wide range of devices,
including those with limited computational resources at the edge. One of the key advantages of
YOLO is its remarkable inference speed, which allows it to perform object detection in real time
with minimal latency, making it ideal for applications that require instant decision-making.

YOLO: You Only Look Once

\

‘ A=

Comvaketond Layers Com layer Cose. Loyer .k
.r ?.@L..: Dutachion Lays

Figure 6 Deep Learning architecture of the YOLO model [source: You Only Look Once - Unified, Real-Time Object Detection
paper].
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YOLO models also strike a superior accuracy/latency trade-off, ensuring that while they are
incredibly fast, they do not sacrifice detection precision. This balance makes YOLO stand out
compared to other models that often struggle to maintain both speed and accuracy.
Furthermore, YOLO's architecture is highly adaptable, making it easy to customize and optimize
for specific edge devices, further enhancing its suitability for real-world applications.

In addition to these technical strengths, YOLO models are designed to be easily trainable,
allowing developers to fine-tune the models with new data sets quickly. This ease of training
ensures that YOLO can be continuously improved and adapted to evolving needs, maintaining its
edge as a leading choice for real-time object detection.

D) Active Learning / Data-Centric Continuous improvement

A data-centric approach improves computer vision models by focusing on enhancing the quality
and diversity of the training data. By curating high-quality, representative datasets and
continuously updating them, the model learns to better generalize to new scenarios, reducing
errors and improving accuracy. This approach ensures that as the data becomes more
comprehensive, the model's performance improves over time, making it more robust and
adaptable to real-world conditions without the need for major changes to its architecture. The
methodology that we considered and the elements we developed during the project are
illustrated in Figure 7.

=L

F{E)4 | Al Processor R S et e R L s St el S S PR e S o S S N B et 1
et o 1 P"_E La?)elllng . Post-Labelling
| Filtering & — | Image Labeling | — .
S ISEts data selection
: \ ElECtion '. (train-validation)
o)
1
1
1
1

;7 Active Learning
Loop

i, s i, iy

Figure 7 Active Learning Flowchart for data-driven model improvement.
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The key components to our data filtering process is to leverage image embeddings as well as
object detection models to select subsets of new batches of images that are useful for the model,
meaning they are informative, they present variety for the dataset and can help improve its weak
points.

Image embeddings are compact, numerical representations of images generated by deep
learning models. These embeddings capture the essential features of an image, such as shapes,
textures, and patterns, in a high-dimensional space, enabling comparison and analysis of images
based on their content rather than their pixel values.

A Vision Foundational model, such as a pre-trained convolutional neural network (CNN),
generates image embeddings by processing an input image through multiple layers of filters and
transformations. The final output before the classification layer is typically used as the image
embedding. This output is a vector that encapsulates the most salient features of the image,
making it suitable for various downstream tasks.

These embeddings are used when selecting good images for training and removing similarities
in a dataset: By comparing image embeddings, one can identify images that are diverse and
representative of the entire dataset and at the same time remove redundant images, ensuring
the dataset is more diverse and informative, which can enhance model performance.

We also leverage the latest boat detection model, that we trained, to generate predictions on
these new batches of collected images and based on the model's confidence on those
predictions we search for the lowest ones as an estimate of its uncertainty.

| t FiﬂyOne seafar_image_detabase January 2024

dipviz  birch_clustering 10

] metadatawldth
metadataheight

matadatanum_channels

L] vessel
trigges
] sog
heading

camara_pan

Figure 8 Ul tool, FiftyOne, that we use to inspect image embeddings (right) as well as the model's predictions.
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E) Results

Below, we highlight some object detection results from the Riverdronel vessel, in several
scenarios.

These images were taken from a holdout test set used for performance evaluation.

This proves that the YOLO model could learn several features from the training dataset about the
inland waterway environment and is able to detect several types of vessels in different conditions
thanks also to the variety we imposed in the training dataset.

e .."\J i A Li'l -' o
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Figure 9 Detected objects in port Area Scenario.
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Figure 10 Detected objects in the scenario of lock area entry zone.

Figure 11 detected objects in the scenario of open navigation in a congested area.
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5.2 - Segmentation and Distance
Estimation

In the general goal of achieving autonomous navigation, a prerequisite is perceiving the
environment as accurately as possible. The work on the Automated Vessels demonstrator
tackled this task from a twofold angle: segmenting the sailable area in the field of view and
estimating how far the detected objects are from the observer vessel (depth estimation). They
correspond to the two modules of the solution presented in this section. Doing so, we chose a
different and complementary angle to that of the camera-based vessel detection.

We carried out this task based on two different sensor modalities: camera and radar, which are
commonly installed on most vessels and are therefore realistic and affordable sensors. The
general approach consists in fusing data from these two modalities to obtain information that
exceeds the capabilities of each of them taken independently and provide different types of
information than the camera-based vessel detection. The camera generally allows for a more
accurate object detection, while the radar has a larger detection range, which is suitable for safety
reasons in a navigation context. The fusion of the two allows to benefit from the advantages of
both.

A) Waterway segmentation module

The segmentation of the sailable area consists in extracting the waterway location on a camera
image. This module takes as input camera images and returns image masks that identify the
waterway. The detection of the sailable area was achieved by using a YOLOv8-based deep
learning model. This model was trained on publicly available datasets containing the labelled
waterway area. The benefit of this method is to ultimately enrich the representation of the
environment that the radar provides: in fact, radar images sometimes contain spurious obstacles,
or obstacles that may not be considered as such by a captain sailing (in particular bridges, which
are detected as obstacles by the radar).

A camera-radar fusion algorithm was specifically designed by imec for this task, allowing the
detected waterway area to be mapped to the radar images on the one hand and to map the radar
obstacles to the camera images on the other hand. The latter is a side benefit of this algorithm,
which allows a human to visualize obstacles detected by the radar also on the camera view of
the environment, as additional information. Figure 12 shows an example of camera-radar
correspondence, where one sees that the bridge is detected as an obstacle by the radar (green)
and the fusion algorithm allows to extract the sailable area through it (grey).
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Figure 12 Example of camera-radar fusion with fused obstacle map (left screen) fused camera view (right screen).

The blue area is the segmented waterway. The bridge is detected as an obstacle by the radar (green) while the sailable
area under the bridge is added.

B) Distance estimation module

The mapping of objects detected by the camera-based vessel detection (data provided by
Seafar) to the radar view is the base for the above-mentioned depth estimation: by fusing camera-
detected objects with radar data, one can estimate the distances between objects, thereby
circumventing the need for a distance estimation based on the camera only, which can be
difficult.

More specifically, the distance estimation module performs the following subtasks:

e Assign distances to camera bounding boxes,
e Perform latitude-longitude estimation on target vessels,
e Correlate camera-visible vessels with Automatic Identification System (AIS).

A statisticalfilter is used to denoise the radar data. The range estimation is validated by comparing
it with the AIS recording of the target vessels. As a final step, we integrated the above submodules
into a combined remote operator (captain) assistance system. This system allows the operator to
see the waterway on the camera, even if the radar shows a blockage. E.g. when passing under a
bridge. Even when the radar is working well, this provides an extra layer of confidence for path
planning. Figure 13 shows a camera view where the warning system has been integrated: the
distance to each vessel is displayed as a label next to the bounding box, and the bounding boxes
are colored according to the proximity or behavior (heading towards or away from the observer
vessel.
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Figure 13 Camera view with integrated distance warning system.
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6 - Insights from Demonstration Day
6.1 — 360 View and VR Experience

During the demonstration event, we provided an interactive section for the audience. Considering
the difficulty of an onboard visit on the vessel due to the insurance policies, vessel availability,
and operations, we made 360 video recordings. The 360 recorded videos were used to enable a
Virtual Reality (VR) experience onboard the vessel using the VR glasses. Furthermore, the control
station and remote operation center of Seafar were also recorded and the VR experience was
also provided for these environments. Using the advanced system of VR, we were able to
visualize the vessel and the control station for the audience.

A N\ e

Figure 14 VR Experiment during the demonstration event.

6.2 — Simulator Utilization

Another interactive element of our demonstration was the simulator utilization on a big screen
which enabled the audience to sail a vessel in the waterway as illustrated in Figure 15. The usage
of Unreal Engine results in the inherent game-like appearance of the simulator, which is perfect
for an interactive demonstration. Using basic controls, a user is capable of moving a boat through
the simulated environment and can experience this as a game, or even create useful synthetic
datasets in the process. Due to Unreal Engines built-in features, a VR-experience or adapted
gameplay can be obtained without having to spend many hours of creating custom code.
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Figure 15 Simulator Utilization during the demonstration event.
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7 — Conclusions and Next Steps

The demonstration of remote-controlled and automated vessels in the Port of Antwerp area
under the PIONEERS project marks a significant step toward the future of autonomous maritime
operations. The integration of Al, real-time data, and simulation technologies resulted in improved
safety, operational efficiency, and scalability. The automated vessels demonstration proves the
potential for reducing human error, optimizing fuel consumption, and supporting more
sustainable shipping practices. Furthermore, the interactive use of simulators and VR tools
highlighted the importance of these technologies in training, system testing, and enhancing
operator awareness.

In this demonstration, we have shown the remote operation of a barge. This technology has
several added values, including its significant sustainability impacts. One key benefit is the ability
to switch between remote captains, allowing each captain to work a maximum of eight hours per
day before another takes over from a remote control center. This promotes a healthier work-life
balance, which also enhances gender diversity considering female captains with families, who
may prefer work at shore side to return home daily. By enabling captains to operate from shore,
the industry can attract a more diverse workforce and promote gender inclusion. This shift is
expected to boost employment while also enhancing productivity, as remote captains can
control multiple vessels simultaneously during loading and unloading operations. The advanced
tools available to remote captains, such as object detection and support from traffic controllers,
further improve navigation safety. In addition, remote navigation reduces fuel consumption and
carbon emissions, contributing to the growth of waterborne transport by adding green cargo
capacity through remote control technology.

The collaboration between Seafar, imec, and other stakeholders has proven that remote-
controlled vessels can operate efficiently within port environments, paving the way for broader
implementation. Continuous improvement of the object detection systems and further
refinement of the simulation tools will be essential to scale the system and ensure robustness in
diverse operational scenarios. The achievements of this project not only benefit maritime safety
and operations but also contribute to the EU's broader goals of reducing emissions and
enhancing sustainability in the transport sector.

Moreover, the barriers we encountered in regulations, technical components, and operational
aspects highlighted that social acceptance remains a critical challenge that requires further
attention. Public demonstrations play a pivotal role in addressing this issue by building trust and
awareness. Additionally, maintaining close collaboration with authorities and policymakers is
essential to ensure regulatory alignment and facilitate smoother adoption of remote operations.
Equally important is continuously advancing our technical expertise, as staying abreast of the
rapidly evolving technological landscape is key to achieving scalable and successful remote
operations.

The next steps of our solution must consider various key aspects, including regulatory
compliance, technical advancements, and feedback from operational teams.

On the technical side, there is significant potential to enhance the situational awareness of remote
operators. Integrating augmented reality solutions, fusing data from cameras and sensors, and
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employing advanced techniques for depth estimation in camera images are promising areas for
improvement.

From a regulatory standpoint, fostering closer collaboration with regulatory bodies and actively
communicating the unique challenges of remote barge operation to policymakers is essential.
Ensuring alignment with evolving regulations will help drive the adoption of this technology.

Lastly, ongoing feedback collection from remote operators, traffic controllers, and the broader
operations team is crucial for continuously refining the human-machine interface developed by
Seafar. This iterative process will help optimize usability and efficiency in real-world conditions.
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