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This document reports the activities and the outcome of the MOSES Task 4.3: Swarm
intelligence algorithm development & simulation, which is part of WP4. In this task,
we present the design, development and optimisation of the algorithms that enable
intelligence of virtual tugboat agents in order to automate the docking process of a
large ship. The main objective of this task is to teach a swarm of autonomous tugboats
to establish path-planning, execute sophisticated manoeuvres and ultimately control
a large vessel while coordinating actions among the actors of the swarm.

Leveraging both the virtual environment developed in the Unity3D framework under
Task 4.2 and the ML-Agents toolkit, we showcase that it is possible to train the
behavior of the tugboat agents using the Proximal Policy Optimisation Reinforcement
Learning algorithm. During algorithm training, the agents are provided with real-time
feedback from the environment and thanks to their own reward functions, they are
able to dynamically adapt to its policies and navigation strategy.

The performance evaluation shows that by formulating appropriate reward functions,
selecting the correct training strategy, tuning model hyperparameters, and shaping
penalties, the agents can successfully learn the desired task and improve the
performance and quality of an important maritime operation such as the docking of
large ships.

Finally, within this document a Fail-safe operation analysis is presented that provides
the foundations for the fail-safe functionality. The latter is intended to be used by the
autonomous tugboat swarm to maintain the safety of the manoeuvring operation in
case a failure occurs (e.g. connectivity loss, other alarm etc.).
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