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Reinforcement learning-based path planning for UAV maritime search
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Abstract: Maritime emergency rescue is an important component of ensuring the safety of maritime activities and
represents a key aspect of improving the current rescue system. Compared with traditional search and rescue opera-
tions mainly relying on manned helicopters and ships, unmanned aerial vehicles (UAVs) offer advantages such as
flexible deployment, low cost, and rapid response, and can serve as an important supplement to maritime rescue
forces. However, due to the dynamic marine environment, the predicted location of distress targets is subject to un-
certainty, which poses challenges for conducting efficient maritime search operations. To address this issue, a rein-
forcement learning—based path planning method for maritime search is proposed. First, a UAV agent model and the
state—action space of the maritime search task are constructed, and a reward function that comprehensively consid-
ers search probability and exploration incentives is designed. Second, an algorithmic framework based on the Proxi-
mal Policy Optimization (PPO) reinforcement learning algorithm is established, and the policy is trained through
interactions between the agent and the environment. Finally, a typical scenario is employed to conduct simulation—
based verification of the proposed algorithm, optimize key parameters, and perform comparisons with other path
planning methods. The results demonstrate that the proposed method can prioritize coverage of high—probability tar-
get areas in the early stage of the search, thereby improving overall search efficiency and achieving superior path
planning performance under conditions of uncertain target locations.

Key words: maritime search; unmanned aerial vehicle (UAV) ; dynamic programming; path planning; reinforce-
ment Learning
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Table 1 Sweep width of fixed-wing aircraft"'"!

FIE/m
# &R A

150 m 300 m 600 m
VPN 370 370 —
4 NRER 7600 8000 8 000
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fEH12m 35700 35700 39 800
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Table 2 Weather correction coefficient

R HAR H 5

G (km/h) R (m) VISP B
0—28 0—1 1.0 1.0
28—46 1-1.5 0.5 0.9
=46 >1.5 0.25 0.6
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Table 3 Visibility correction coefficient

fiE DL /km E 4 fiE WL % /km RH
6 0.4 28 0.9
9 0.6 =37 1.0
19 0.8

1.2 REZHE

W T b A SO A Cn K RO
B Ok B il 551 B $ At i EEAS BN ) L %k B AR EE RS 1Y
A 23 000 A% 8 2F 47 0 % | O 5 BT 75 1 U5 A8 T
s o Al 4 E POC (Probability of Con-
tainment) 1 B4, 4K P8 J6 A ML G 43 00 98 B 4 2 B0
b T8 3ak 0 A7 M A A Ak B, S 20 ol A4S 7 X B, 75
B BT T 0 A A b K AT S5 X 4 A
M X N BEA% B3 A B A% 1 v A5 A A B SR 32 I A
M)A 8 AL bR I A (o m ), e d m o B HU(E G [
= (1)
1<m<M
1<n<N
[7i] Fsf, 55 1 B A P ) 3 A% T I e, e A
DA AR R T O R MRS A8 SR R E AT
I — Al Ak 31, A5 3 B S B A o, ) %5 B — S B 46 1)

(1)

155 8 BER A L b, 75 N 45 B A% 2 i
ARZS AT SE I SR o O bk O T A2 4 R [A] — A% X
ol 2 A R A ] I Ak T [ — A A fiE T — A Ak
S AT SR I 4E I R A MRS R R SRS HE L

WS (m, n) K9 33, visited,,,,(t) =—1 N 1E Y
HI I [E] R A% (o, ) © 938 T3, visited,, (1) =1
NAE ST AR A% (m, n) IETE RS S

Xof PR 2 23 ] AT AT LAk A 3 A i A A HE %
KNHEAT B i S A 38, T BLRE © 948 - 0 i At
O iR L i N T LN . e
PR W], i 1R .

Optimal Path

F1 Al AR A =S 18]

Fig.1 Visualization of the state space
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Fig.3 Training flowchart of the PPO algorithm

3 (hEXE
3.1 HERE=RROENK

AR SC L — WA 9 U O ) AT R
U5 LSCI W TE . B 20254E 1 8 H 1 9 4,
ZR G BR(25. 80 °N, 119. 79 “E) 3L ¥ fils & Ak i 74
FEW, R M SR AR AR, R JC A HIL R )
IEE e 1748 3 TAE 5 RO B THPL RO A

[ 98 AT 55

B R IR T S b 4 ROBR T O e IR 55
£ 4 Bt B U B I X IR T A 2R A 0
AbBR TG B f A0 T DX, R DXCUIE AT 4R
R AL AL B, 45 20— 2 5 B AR AR [, WA AR
W R A AT LA, 45 B HE 5 T B 1 — 4 P BT, n 1
4R o



~

°
.
o
o

Normalized Probability

o
N

o T T T —-0.0
0 5 10 15

B4 MERMERE
Fig.4 Heatmap of the probability matrix

SHIRE

2 RO B 2 R W B A 2 2] B 1 B o T Ak
R, T UG O RO SR AR SGE 5T
AR Z BRI SR B, R AR AL 2 O I

10 DA 5 52 W B 0 OR O B Tl 1 B
I A B R AC SR B = AR R il BN R AT
PR AR T A B Sl AN ] RN B A
FON T BEAT X LS8, o T 07 (R, BT 5 000
[l 5 B SR A5 W 5 B, G 3T 40 N i/ it
SRR RIE R ARG, i R AT A 2l 2k
IS [ S2E <, DA Hp ] DU H B0, 995 I 38R e -

3.2

80

60

40

Reward

—— gamma=0.90

gamma=0.93
20 —— gamma=0.95
—— gamma=0.97
—— gamma=0.99
—— gamma=0.995
gamma=0.999

o 1000 2000 3000 4000 5000
Episode

K5 AR 5 S REXT e
Fig.5 Comparison of algorithm performance under
different discount factors

2 > 85 A R R T R SR o Ak 2 )
HEMBESHZ —. %R Ko @A Rl
SKC, AT BE A A AR O SR W 5 kN ) 2 0 I e Ja) ot
Koo PR 24 o) Rt A7 0 Fese i, 308 Il 4 80k
20 000, B IR L R 6 iR, mTLAE H %3] %
B 310 7B, 78 20 000 A~ [\ A P 3 36 AT A Uk 84
MY 5 2 R L8 X 10 B, B30 L S A DRAH e 44 1Y
T I B A el . LR RIS B R g R
M, 2 2 REUE R 6 X 10 ° I SR R i

Clip & Fil /& PPO 83 iy &% 0 WL 2 — , ol

Aok BIR A BRI B S A R DI ko AR i A E M . Clip
P i) 1 S ST 4 15 AT SR L SV 0 R A A
S o BEORAY Clip i Bl 23 o4 B KA 56 s B8
JW L, AT RE 2 HOPR Y 2 ) U (H T RE 21l AR
SEPERE A, BRI 0 5 B/ Clip 11 il 2 BR i
/N 018 SR W /N i L SR R O S 19 BB, A7 AR
E RN ZRAOR (B2 W S0 B2 8018, I AT BE A A R
TRt o BOA [A] B89 Clip 1 B #E A7 %) FES2 6, i 7
JIt 7, b P A WA S R e B Y 5 AR Clip S [
Ho. 2,

Reward

1] 2500 5000 7500 10000 12500 15000 17500 20000
Episode

K6 A lal > R A Sk PERE X L
Fig. 6 Comparison of algorithm performance under

different learning rates

— clip=0.1

Reward

1] 2500 5000 7500 10000 12500 15000 17500 20000
Episode

&7 ORI Clip ¥ A 3535 P REXT L
Fig.7 Comparison of algorithm performance under
different clip ranges

e F LR S K 8T B AE 45 6], PPO &
RIS E AR 5T R .

#5 HWSEE
Table 5 Hyperparameter setting

ranp ¥ 0.995
Clip it 0.2
o) R 6X10°
A B 2 TR A 4

sy RS ¢ 20 000
(EUEEPIAS 120




KA A5 < kT Ak 4 2T B9 TC A HILIEE b % B AR AR 9

3.3 XWHERSEOWH

Mt b — 45 e B S oo U245 B i
R AR MRS AR o 2 5 Ok il 2R E B ik
Je 1 MBI T B AR AR 1 8 T LU FE—
Inl & 2 A I 2 RO B A0 2, O BLAR TR RUCR WA
1, FE— 1 8 Z 5 ORI O I T sk, R
I 450 2 BRI B AE A BT R R8I T 0, TR W vk i
SRR

K8 a5k ih £k
Fig.8 Reward and loss curves
T BRI B AT AP, LU A B B A
T5 SR T RCRAE PR, R I, LABRAE A
Fr 848 07 1k Je g AR A AR o0 b B gk
FTREDFR,
E/:z}lpi

Horp , LARER AT B A K, BRI St ), p AU
B — A A SE R AR . R SRR R T AR T
SR VLR LR XA RE ), 8 SRR B R IR
B e I AT A e Xl W TR — A3
B, AR 7 i A TR A8 KR8 5008 Ik 6
JIt 7 T R 22 ) R S A f 2, AR TR 9 B

6 AR L

Table 6 Comparison of search efficiency

(21)

among different methods

) LK
Ik
20 40 60
PPO 0.4679 0.4929 0.507 5
GA 0.354 6 0.449 3 0.408 6
FATER 0.049 2 0.087 8 0.156 8
N Pk
ik
80 100 120
PPO 0.498 8 0.4838 0.4512
GA 0.4015 0.3919 0.394 1
TATL 0.1756 0.2112 0.2383

Efficiency Curve Comparison

L

//

& —e— GA
/ —e— Parallel Line

—e PPO
20 40 60 80 100 120

B9 Al J5 AR 2 R A i &
Fig.9 Variation of search efficiency for different methods
P rp 2 4 2k Oy 2R T A SCHIE O 1% 507 S8 45
R WGP T AL TR IO KA B
OPT LN BT IAMSAR AR ERLE 117248 507
BEEER . KRB A LUF AR SO B3 58
R AL B B e T S AR, 6B B ) I
e M R DX IO RE ) i, BE A8 7R 1% 9 B0 ot
L OC B DI, HI A 0 B I AP o T S B
R B AT 44 T 07 I SR B W R L U
B A 48 5 A B0 DX O Rl L B S
FRFE R, A2 W 1 5 B0 S B A DX
[e] B 355N [ 77 35 ) TR A 10 FoR
LA PPO SERE 1 1% 3 800K 1 BRI T it 4%
YRS PR AT R R AR 3
Wm e R R BB REE S R T R AR A
B2 0 O B X B, A B AF B0 R X O]
AETT o

POC Compare

10 IRl S 07 ¥ A 20 L
Fig. 10 Comparison of cumulative probability for
different search methods

AN TR 76 A 48 T AR B A5 SR AN 1A 11
N o M AR P R AT LA RO 0 b R 4 e, B
AR SR RE A B 10 A D7 58 RE A8 i 8O B i R



10 fii s AR it

e ML 3 D, BN R, R A R R B AR AR DX SRR TR AR o) BB 1 RE S L T 3 A5 Y b ]
XHREL, P Ao B AT R LB G HOCHEAY UEAT SRS ST, A 45 AR T 5

1.0 10

Optimal Path Optimal Path e
0.8 0.8 0.8
o
z z s .
’U.GE ’D.EE 7"‘ . O.GE
J " Cujed® | | L
o m
| W |
= b
Ses s S Ses = LLoo T — (-
(a) 3T PPO #fb24 > Bk (b) H& Tt ek (¢) FATLAE T Ir ik

P ORIy vk 4 48 A% MR 45 28 X e
Fig. 11 Comparison of search path planning Results for different methods

3.4 EEXEBRES

4 T B A2 R 5k N 2 A RO A N L BB
B TE R 2 PR IR R . MR R L&
B X A [ AR 28 491 (A 45 R[] X3RS R AN
[) M R 0 A ) AT 6 A% R R S 0 3 o I 4R e A
RAF R LA A5 E 12 frs .

Optimal Path

(c) HEZEHI=

Optimal Path

(a) 0 7E %] —

Optimal Path

(b) AHE %Y

P12 A [ AR 25 Pl ) 40 5 S A L B 95 SR X 1L

Fig. 12 Comparison of search path planning results under

(b) AEEZRM]

different probability maps



KA A5 < kT Ak 4 2T B9 TC A HILIEE b % B AR AR 11

S ENCL I RS CE TS )
HEFT IR — L AR B, FCH R R R
DY
SypeL
o, S 2 s AT R 2 g RO
T 0454 A B A 3 S 5
RV R O LA R R R
H(CV) RSB (IQR) L BEFF3E 2 24 540 F

/N P

E,= (22)

CV:—>< 100% = X 100%
(23)
IQR=Q,— Q =(n+1)X0.75—(n+1)x0.25
(24)

Horp, CV i 504 04 A X B BORR B, Y CV S
155 B, R IR E PEAR 4 5 1526 <<CV<C30% K B
FEME— B CV=>30% W R R EER 2. IQR
fE % 2 i rh [a] 50 Yo B0 1 43 A1 3 [ AT 308 e
B B B EORE B A OCTHR A R R TR .

RO IFHARGIG

Table 7 Search efficiency statistical results

B ¥iA Tk o 2 BRAKCV  IQR
50 0.3336 0.0412  12.35% 0.049 3

ME T LU A5 R ECV /T 1500, Ul
AR B ik 7 A R MR 5 M 18T 2% T R B E L RE RS FF
S AL R 18 TR AR T B, B B R

4 & ®

1) JC N HLAE - 4% R b A7 B 19 1 T

*EX#%‘%%?’@LTE@?&%EE&7€~%E’WE%,ﬁE%XﬂL
i 1A% Bk 2R B R 7 5 3 A9 .

2) AR g BT T N ML R EAT 5 5
H R SRR R Dy TR RS, OF 8 T AL
A 7 AL D9 AT 1), B PPO s Ak ] 59k i
B8 AR R o

3) AE S vl i e AR S PR A B AT A )
Y2k, 96 Uk 55 75 RE W8 78 — 7 0145 J5 W8I, ) I 3 A
[ S8 B AT S R L, I BRI S HA S .

4) AR SO 5 1AL TR ML G i P AT e 4
T I7 AT SRR L S e AR 3OO A B 4

TR A B H AR R RS AL e i R A
AR S B DX I, 15 2 S Y AR T S

& % X

(1] e CRIERIE R 55 B . I 50 e il & i - — 7 L&l
[EB/OL]. (2014-09-02) [2025-10-28]. https: //www.
gov. cn/guoqing/2014-09-02/content_2744175_2. htm.
State Council of the People’s Republic of China. The 12th
Five-Year Plan for National Marine Career Development
[EB/OL]. (2014-09-02) [2025-10-28]. https: //www.
gov. cn/guoqing/2014-09-02/content_2744175_2. htm. (in
Chinese)

(2] FEWIEC . A BCE e o 1595 50 R 3k 0 b e TRk R

[T, KB, 2021, 43(2): 14-15, 19.
Cheng Mingyuan. Development suggestions of maritime
emergency rescue work under background of maritime power
construction in China[J]. Shipping Management, 2021, 43
(2): 14-15, 19. (in Chinese)

[3] Solberg K E, Jensen J E, Barane E, et al. Time to rescue
for different paths to survival following a marine incident[J].
Journal of Marine Science and Engineering, 2020, 8
(12): 997.

(4] Tk . JCAHLTE W T 5008 h ih e
2023(8): 1-3.

Shen Liangao. Application analysis of UAV in ocean rescue
[J]. Maritime Safety, 2023(8): 1-3. (in Chinese)

[5]  Ewl. TAMTER R e 0], iR, 2022
(5): 71-73.

Wang Fan. Application of drones in marine rescue operation

[J]. Marine Technology, 2022(5): 71-73. (in Chinese)

AFLT. K B4,

[6] Lomonaco V, Trotta A, Ziosi M, et al. Intelligent drone
swarm for search and rescue operations at sea [PP/OL].
V1. arXiv (2018-11-13) [2025-10-28]. https: //doi. org/
10. 48550/ arXiv. 1811. 05291.

[7]  McRae J N, Gay C J, Nielsen B M, et al. Using an un-
manned aircraft system (drone) to conduct a complex high al-
titude search and rescue operation: A case study[J]. Wilder-
ness & Environmental Medicine, 2019, 30(3): 287-290.

[8] MaY, Li B, Huang W T, et al. An improved NSGA-II
based on multi-task optimization for multi—-UAV maritime
search and rescue under severe weather[J]. Journal of Ma-
rine Science and Engineering, 2023, 11(4): 781.

(9] HEF. TAMIXIEIFEREID]. 773 B R A
== kAT, 2017.

Zhuo Xingyu. The study on the mountain search method by
unmanned aerial vehicles(UAV)[D]. Guanghan: Civil Avi-
ation Flight University of China, 2017. (in Chinese)

[10]  #hZRy, M4, 24K, 45 B8 T Bk sORE ST 1 i 9 1 H A
R B AR LRI [T). 2 S R g, 2024, 43(10) ¢
160-164.



12 Wi = TR o
Sun Yisong, Hu Haijun, Li Le, et al. Maritime target [19] F&, Mrae. A EGum S o= [T]. 5 E
search path planning based on improved ant colony algorithm il 515 H, 2023, 45(4): 52-56.

[J]. Transducer and Microsystem Technologies, 2024, 43 Wang Lei, Wen Siying. Research on the scope and success-
(10): 160-164. (in Chinese) ful probability of aerial SAR[J]. Command Control &. Simu-

(11) i, Boe e, T 7 . ot 3% 70 D0 A WL A = 2 lation, 2023, 45(4): 52-56. (in Chinese)

A AL L R ESE [T]. s TR, 2025, 16(4) - [20] Gallego A I, Pertusa A, Gil P, et al. Detection of bodies in
100-109. maritime rescue operations using unmanned aerial vehicles
Xu Haitao, Chen Longsheng, Wang Yuxiang. Application with multispectral cameras [J]. Journal of Field Robotics,
research on improved artificial potential field method in three— 2019, 36(4): 782-796.

dimensional path planning for UAV formation[J]. Advances [21] International Civil Aviation Organization. ITAMSAR manu-
in Aeronautical Science and Engineering, 2025, 16 (4) : al: organization and management[ M ]. 4th ed. Montreal: In-
100-109. (in Chinese) ternational Civil Aviation Organization, 2003.

[12] LiuY X, Liu H, Tian Y L, et al. Reinforcement learning [22] wRAlA, 2RSS, RERE . 3% T 3R 12 T 9 i 2 28 ML 3
based two-level control framework of UAV swarm for coop- AR LT]. s TR BERE, 2021, 12(3): 65-70.
erative persistent surveillance in an unknown urban areal[J]. Shu Lisheng, Li Guifang, Ji Sheng. Aircraft Al static path
Aerospace Science and Technology, 2020, 98: 105671. planning on airport ground based on reinforcement learning

[13] Tamtare T, Dumont D, Chavanne C. The Stokes drift in [J]. Advances in Aeronautical Science and Engineering,
ocean surface drift prediction [J]. Journal of Operational 2021, 12(3): 65-70. (in Chinese)

Oceanography, 2022, 15(3): 156-168. [23] Siboo S, Bhattacharyya A, Naveen Raj R, et al. An empiri-

[14] Yan S 'Y, Zhang J, Parvej M M, et al. Sea drift trajectory cal study of DDPG and PPO-based reinforcement learning al-
prediction based on quantum convolutional long short-term gorithms for autonomous driving[J]. IEEE Access, 2023,
memory model[ J]. Applied Sciences, 2023, 13(17): 9969. 11: 125094-125108.

[15]  Arulkumaran K, Deisenroth M P, Brundage M, et al. Deep [24] Koopman B O. The theory of search. 1. kinematic bases
reinforcement learning: a brief survey[J]. IEEE Signal Pro- [J]. Operations Research, 1956, 4(3): 324-346.
cessing Magazine, 2017, 34(6): 26-38. [25] Koopman B O. The theory of search. II. target detection

[16] Wu C X, JuB B, WuY, et al. UAV autonomous target [J]. Operations Research, 1956, 4(5): 503-531.
search based on deep reinforcement learning in complex disas- [26] Koopman B O. The theory of search: III. The optimum dis-
ter scene[ J]. IEEE Access, 2019, 7: 117227-117245. tribution of searching effort[J]. Operations Research, 1957,

(17] #ufis, Saa, S35, 4F . ST IR AL ] B9 B 5(5): 613-626.

PRl ST RE TRESEFH AR, 2022, 44 [27]  Schulman J, Wolski F, Dhariwal P, et al. Proximal policy
(11): 3486-3495. optimization algorithms[ PP/OL]. V2. arXiv (2017-08-28)
Yang Qingqing, Gao Yingying, Guo Yu, et al. Target [2025-10-28]. https: //doi. org/10.48550/arXiv. 1707.
search path planning for naval battle field based on deep rein- 06347.

forcement learning [J]. Systems Engineering and Electron- [28] Schulman J, Moritz P, Levine S, et al. High-dimensional
ics, 2022, 44(11): 3486-3495. (in Chinese) continuous control using generalized advantage estimation

(18] 4R KB 2k T3 fk 2 2 89 0 A HL [0 DX S8 48 5 0 0l 0 [PP/OL]. V6. arXiv (2018-10-20) [2025-10-28].

[D]. BB frp R R, 2023.
Zou Liangji. Research on UAV area search planning based
on reinforcement learning[ D ]. Wuhan: Huazhong Universi-

ty of Science and Technology, 2023. (in Chinese)

https: //doi. org/10. 48550/arXiv. 1506. 02438.

(445 : D E)



