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This paper proposes a path planning model based on
reinforcement learning in the process of approaching and
landing for shipboard landing of UAV in maritime. The
proposed model dealt with the path tracking problem
considering avoidance of moving obstacles and triaxial
motion of ships, using the deep deterministic policy
gradient (DDPG) method, a representative reinforcement
learning algorithm applicable to continuous behavioral
areas. The results of this study are shown through
simulation.
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- State value function
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- Action value function
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- Optimal policy

1 ifa =argmax, q.(s,a)
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s'es

- Optimal action value function

g.(s;a) =R% +y D,

s'es

P maxq.(s,a) (1)

2.3 DDPG(deep deterministic policy gradient)

SlotE-Z T ESH= 58 8.4 F ofth=s o tigh

O

40 2022; 5(1); pp. 38-46 Journal of the KNST



Hanseok Park et al., Reinforcement Learning Based Path Planning for Autonomous Shipboard Landing of UAV in Maritime | 4RI

(model-based) T+ &2 (planning) 0|2}l 3}, &L
2= A0 7 7+F5}0] 5H45t= AS B El- I 2] (model-
req St ke, A4 A Dl 40 2
& BEL Aol | g7 e el ystise

Hd-mgz APHEry & Aode 2d-me 7
AR5 0™, 115 Q-learning©] 7|53 DDPG(deep
g A2 EAS

deterministic policy gradient) &

efste] BgaHATt.

DDPGE EQl4:7]0] g%

SJoq ol e He 3

A 2ol Joke DONe) B4

o= %1t}9]. DDPG & E|&

citelel 2o el (i) A3 JATE

nhefu] e 5}5to] 2ASHE AE] (actor) 414908 T4

ot ol& HE-AE 2 Y

2132} 511, DDPG= DQN

9] replay memory Y target network 7} ‘g2 HE-F &
g ma)Ql927t e Fel 2, Fig. 291 2L FRE X

Environment

L1}10]. &, DQNT} DPGY] 7 d-& 3HA| A}-8-51o] ]
2 2299 ZA IS AF TR A5 oM, o] 5
F9 941 AT vhet o] DN Pe] A& P
o] tist A7} 7Hsst EAL Zhy Qick B Lo
Aol EAS ﬁ‘é]—oq DDPGE 0] &3l 12 &
ot

=

3. 4 9 A Beo] 4 At

2 A7 M= UAVZL Q17 £5 7 YA Lol mgte
2 o= F A (approaching phase), ¥ 0l 215
5= 257 (landing phase) & 851, HHA o
M e olE o=l et 3w stofl A A7 = A4 7HA]
A, AEAA o A= ol5 591 314 9] heave motione
T PAARS BEE Y,

3.1UAV EE

7stskgol 7|uket A2 A Y 719 A5 402 of
o] 2 oAM= vAv RES F Ao 7 7145, 32}

Optimizer
Update 6 Policy Update 62 Q
gradient gradient
4= (s, 6") + Noise Gradient
b Actor network Critic network
Parameters: 6" N Parameters: 6°
St41 Action
Soft Soft
update update
Target Target
actor network critic network
Parameters: 6”/ Parameters: QQ'
Mini batch T

(5,a,7,S141) Experience

Fig. 2. DDPG 212|5 &

replay
memory

(s,a,7,5.4,)

Journal of the KNST 2022; 5(1); pp. 38-46 41



KNST

714t ot

o 4 22 o] TR UAVO] 91X, S U HSES o
o3} o] EATHCE.

el go

p@) =[x(t) ¥ z@®)]"
o(t) =[x(1t) y@) z]" (12)
a(t) = [x@) @) zZ]"

BLRANAE S, HFVANAE 7HSES Fo]Y
202 485t UAVS) A4 AT S Tefste] the
3} o] AP AL AT

Umin < u(t) < Umax

where Uy = [Vxmin Uymin Vzmin |7,
Umax = [Vxomax Uy.max Uz,max |©
13)
Qmin < A1) < Apax
where @, =[%min %min Lzmin ],
Qax = [Grmax Gymax Gz max |1
E3, 242 7S o]-8-5to] Atofl gt UAVE] 914

9 &G ohe} go] 78 4= e,

p(t +1) = p(t) + v(t)At

(14)
v(t+1) =v(t) + a()At

3.2 3F4 Heave Motion

S /goll A Aol 52 FH oA 9 25 2o Tk
o 1t %) W) Ayt 20| AT o] heave
motion®|Z} 5}, heave motion©]| 93] ZEX AL A}
ShHFeF O 2 X4 HAFE T E Lof| A= heave motion
< 1Rt AlEY o] A& =3 517] I5to], thaak 22 At
Qo] ko & 952 B ARSI SITH].

h(t) = 0.2171sin(0.4t) + 0.4714sin(0.5¢) +
0.3592in(0.6t) + 0.2227 sin(0.7t)

£ A7 A E h() e TFH A% 52 B85
o, I (Overfitting) & HA5}7] 98 7F-A|QF &
oA &3 I4E 0| Z(Noise ~ N(u = 0, o> = 1),
Max/Min = +1.5m) & B 5}to] a5 235t E3
Al EF o] A|ZF Y| heave motion Z J19] W= UAVY]
B M2z BES] ff5te, H ARl F71E
1/108) 2 @541 A 2851t

OflA UAVS| 3 Xt

, ZE AT S sl A e
HAF 3R Ro|| Hi 3t 4 9] 7} 1 @ 5} A HLTHA ol A
oS, A, R& T3 o] g ozttt

£ Qo)A ekl B0 7|8 TR Fig.
S

Environment

Fig. 3. 218135 3t 74

(16)

S {x! Y, 2z, z, Xships yship’ xship9 yshipa }

Aprevs Xobs ()» Yobs (i) Xobs (i)s Yobs (i)

SH A Se UAVY 93] 2 250 &1, 2] 9]
A 9 &%, o] Aol A1 9] UAVEF H3E 7 A 2Rl
dprev’F 2=, LG A | A<= heave motiong 112
SFA] k7] ol ] 422 5ol thgt 91| = LA
A =t 3, obs(i)= 13 o] 3]37F @ FE = ol F
HA O A 9 £ E OJn|shH, HE HH = AlA 4 o
olE| Y A 59 FHF SAIYH|E o]&oto] FEHEZ 7}
=g

S
I
£

a7

<.
A

H

A% A= UAVY £ & Aof QIALR ARE-5}H,
= UAVE] =7} B 5tof| Hghof u}
S A2 48510, UAVY] 350] obd AJH
S, A3ekgolA B4 3= RO AAl=
Ao dFEF=Ae2dg Y
b, e BA S AAI7F QT E
LA A= A (18)T Zo] 67 B ] o +

) :1H>_*‘, o2
N o
2 fr
)
=
b

L (A )%
R
ooX
ot
o

2k
30,
T

o
-0,

ol

o

i)y

42 2022; 5(1); pp. 38-46 Journal of the KNST



Hanseok Park et al., Reinforcement Learning Based Path Planning for Autonomous Shipboard Landing of UAV in Maritime

A 5let. o1, duay-ip UAVEF 3 2 ATi A2, drs
UAVE} 3157 2 P o 534 ZF AT AR, duey’s
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R=" (18)
1y = 4 dyav —ship (t = 1) = dyav —snip ()]

n 2
1 1
==X (7o)
i=1 1

dsafety
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r, = pushing(t — 1) — pushing(t),

R=4{r=c;

where pushing(t) = (c,dyay —ship T cslvl)
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- Approaching phase

Success condition = d, pyroaching < 10 and d; > dgagery (23)
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