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Abstract—The collision avoidance decision system is the core
guarantee of navigation safety for autonomous ships. Automation
in marine traffic faces numerous challenges due to the complex
dynamics of ships and the absence of physical constraints on
water, particularly in scenarios with high traffic density and
multiple ship encounters. Deep reinforcement learning (DRL) is
considered a promising solution because of its end-to-end learning
capability and its ability to generalize to complex environments.
However, achieving ship maneuvering control at a level close
to or comparable with human performance is challenging when
applying DRL. A key step in this multi-objective optimization
process is the configuration of the reward function, which has
proven to be both difficult and abstract. One objective that is
challenging to quantify in design is ensuring that unmanned
vessels can adhere to the same rules and conventions as tra-
ditional manned vessels. This means that avoidance maneuvers
under DRL model control need to comply with the Convention
on the International Regulations for Preventing Collisions at Sea
(COLREGS). In this paper, we explore a solution to this issue
by investigating an imitation learning-based collision avoidance
method for autonomous collision avoidance. Specifically, we
propose a novel physics-informed inverse reinforcement learning
method to train autonomous ships, enabling them to exhibit
safe, efficient, and navigation rule-compliant ship maneuvering
behavior for collision avoidance. Firstly, we collect human expert
demonstrations in a simulator with a systematically designed
series of complex multi-ship encounter scenarios. Then, we train
a novel physics-informed reward model on these demonstrations,
capturing the underlying intention of human expert behaviors
and inferring intrinsic rewards for policy training. Through
simulation, our method demonstrates its ability to overcome the
challenges associated with human-designed reward functions in
complex encounter scenarios. Furthermore, the physics-informed
rewards inherently ensure that the maneuvering of autonomous
ships adhere to COLREGsS, resembling those of human experts.
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Extensive experiments conducted across a range of complex
multi-ship encounter scenarios validate the effectiveness and
efficiency of our approach.
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