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The stability, reliability and efficiency of a smart ship are important issues as the interest in an autonomous ship has recently been
high, An automatic collision avoidance system is an essential function of an autonomous ship, This system detects the possibility
of collision and automatically takes avoidance actions in consideration of economy and safety. In order to construct an automatic
collision avoidance system using reinforcement learning, in this work, the sequential decision problem of ship collision is mathematically
formulated through a Markov Decision Process (MDP), A reinforcement learning environment is constructed based on the ship maneuvering
equations, and then the three key components (state, action, and reward) of MDP are defined, The state uses parameters of the
relationship between own—ship and target—ship, the action is the vertical distance away from the target course, and the reward
is defined as a function considering safety and economics, In order to solve the sequential decision problem, the Deep Deterministic
Policy Gradient (DDPG) algorithm which can express continuous action space and search an optimal action policy is utilized, The
collision avoidance system is then tested assuming the 90°intersection encounter situation and vyields a satisfactory resull,

Keywords : Collision avoidance(£& 3|1), Reinforcement learning(dstels), Deep Deterministic Policy Gradient(DDPG, AM&Z2H

EXHIMAANH), Markov Decision Process(MDP, Of2 3T ZAXT}E), Autonomous ship(X&2 &MLt
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Table 1 Initial conditions for encounter scenario
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Table 2 Principal dimensions of KVLCC

ltem Value
Length[m] 2.5
Breadth[m] 0.4531
Draft[m] 0.1625
Block Coefficient 0.8101

Table 3 Hydrodynamic derivative values

Item Value [tem Value

X, -0.02050873 X, -0.032517508
Y, 0.36208424 N, 0.125635713
Y, 0.113776326 N, ~0.0533008836

Y,, | 0843024015 | N, | 0.0141946375

Y, | 0.0761068165 | N, | -0.0286193416
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Table 4 Hyper parameters

ltem Value
L, (number of actor hidden layers) 2
n, (number of actor hidden units) 500
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. (number of critic hidden layers) 4
n. (number of critic hidden units) 500
a, (learning rate of critic) 1.7392787E-4

~ (discount factor) 1 — 2.0815591E-7
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B (buffer size) 16,400

r (batch size) 32

w, (collision weight) 5.0
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