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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
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0{F24CHSilver et al., 2016).
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Fig. 1 Interaction between environment and agent
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Fig. 2 Coordinate system
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Table 1 Initial conditions for encounter scenario

[tem Own ship Target ship
xy[m] -40.0 0.0
yolml 0.0 40.0
¥y[deg] 0.0 -90.0
Uy[m/s] 0.6821 0.6821
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Table 2 Principal dimensions of KVLCC

(hidden layer)el 70, n,, e ZF WESIToA 2t 24Z9|

ltem Value FR(unit) W=, @, a= 2 HIEHTL| SI5E, y2 2IkE, 1
Length[m] 25 = HIE°EIE 7‘Wﬁl 7o” Msp| -r|°._|' é‘;?—ri sh5o| oMY
2 =0iF A4 SHH Sk
s A EE HZo| #~0|04, E 7EEx|I2 Al (11)2
Draft[m] 0.1625 | ARZE| I_E of | i, = 5= JIBRIZ 4 ( I
— 24 Aol A== A=rolch
Block Coefficient 0.8101
4.4 3%
Table 3 Hydrodynamic derivative values
Item Value Item Value EXalE Siol 1TLPEFJIE1§ ALRZIRE Sf5siIig o,
X, | -0.02050873 | X, | -0.032517508 8,000 Ol TAE ot ghe HALS Fig 64 Zic) BAKS [oH
Y, 0.36208424 N, 0.125635713 slohe ekez E%Ela’ie {, 2F 4,000 Of|m|AERE] HAFZL
; ; o| 2=3sl= HS slo|st & ol
Y, 0.113776326 N, -0.0533008836 | sEshs AS sl 5 o
Y 0.843024015 N, 0.0141946375 "
Y, 0.0761068165 | N, | -0.0286193416
- - 40
Yy, | —0.362524033 | N, | -0.191315025 °
3 , 2 20
Y, 0.423484325 | —0.0610068738 s
0
4.3 slolEmRilE] /x5t 20
0 2000 4000 6000 8000
NS ZEEN ¥ FAe AZYs @850 | o2 episodes
ofl 5folHmi2to|E|(hyper parameter) ZXap S35l %/ Fig. 6 History of achieved rewards through training
slol| egxl= 7Y & J2I=EMH(grid search)2t 22 4
sol S Wk Pale] ME2le Sof BMSHs 20l 2 2 5. A =& 2 oflA|
o= HHopn 23 CKBergstra & Bengio, 2012). = 94720|
ME TER BUEES BEsiof Table 4H Q0L SIOMHEIE pope wte olzsiel 2w mue wE sy 2ais Fo
s *'jg*"“*q N ol s oo 1ot otet sy 7 €5k Fio. 791 $1 201N 2 e Rittel F20lo
o x
e O}LEH S o8 o sEl oI = HU2 EMde| 425 et 5 Alzlol| Ao E5HY
El HJE2|T3Z olo|s 2t | EL JEE=INES
e8] HELIE eulsict L, L= 2 HEYINM 2HE =2 TABIISH AR BAle] FAIS ZHe AJZICHolA] KA
of EpMO| QXIE HERHCE MA ZoE 2H 2F 100E7HK]
Table 4 Pyper parameters SE 428 FAK Ekig Slulsp| Slet Y E Alseic)
ftem value 517 YSof ofsf M4 Wako| RO FHTE TEIS AR
L, (number of actor hidden layers) 2 5l0{, =2 olsf XIMo| £EI} Z0{S7| A|RkSiCh 2F 115%
n, (number of actor hidden units) 500 of Bt ST A2 M- draks RISt £t &5
. (|eaming rate of actor) 1.4917255E-5 =[X[2E EMME ilﬁlgl'(ﬂ':l'L TEFSH A|M ol oF 130F 2 cf
T Al =% 4 ahote &S AlZkeict ZEfol| Qs M=
. (number of critic hidden layers) 4 | = 22 shi= |Zk5iC)H lofl olaff Al
— : Ikl et 2 gkt £ ChA| 0|80, 2 15025
n, (number of critic hidden units) 500 T =20 F125P| o5 b BelsA S50} AlAsH| ot
«a, (learning rate of critic) 1.7392787E-4 3|=nm Eo| o5t Lo} 97| w20 Mg uisk2 0fX5| &}
~ (discount factor) 1 - 2.0815591E-7 3 Zoz gksich oF 170X 722 27 ARE oiMEo=
7 (tau) 8.2819554E-5 FB35P7| flol EIE ARBSIL 2EIFE §l0] of 200 T2HF
2o 7 2~ HI5E2 ol ACE FE
B (buffer size) 16,400 B S 2o M Wek2 AXAF 15ENK| £ & 35
(batch size) 32 S| =Ich o] Aok= EZICHAEfoM EMMel EES Hi2lED
t
. acl .Slze , A Mo| LEZ ZZE ulslo{of Sick= AAlE Est
w, (collision weight) 50 o 9t
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