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Fig.1 Image of ocean flow field
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1
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A
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fitness value of gray wolf

No
t>Tox

Yes
il AR

Output the optimal solution

y

P
End
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Fig. 2 Flow chart of MAGWO algorithm applied to multi-objective path planning for unmanned ships
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11.9% ; AN DL AR TE fie 0 B Rt AL, A 9.128 X HAr s AL RIE = T 1.7%.

18 \ N / i
1
16 \ K
14 i / — 2 AR MR] Multi-objective
) N L V| === === KEB HAr Length single object
= 12 ———————— HERY B H AR Smooth single object
Sl T LT e ] REFESE H AR Energy
P (] AP E Start
8 | i ’ ] HArfLE Goal
Vd
4 7=
:.v/ i - L~
2
L L7 7
5 10 15 20
X/km
B3 ZBHEFEER
Fig. 3 Simulation results for each target
*&1 MAGWOEZEZBMFESER
Tab.1 Simulation results of each target of MAGWO algorithm
" - B HbR
2R Z Bin Single target
Parameter Multi-objective —
AR E Length value AR Smooth value T BEFE Energy value
H bR R KU Target value 531.563 585.592 540.691 603.407
A5 % Path length /km 154.853 148.995 163.640 151.924
Hefie Path smooth /(%) 202.5 270.0 180.0 292.5
L HEFE Path current /k] 174.210 166.597 197.051 158.983
fltfk 3 Optimization rate /% / 9.2 1.7 11.9
4.2 ARERZMMEIEFRENR T 28 S A T PR LA T I, 22 B BRI 1Y) 2

TEA ) BT 0 DX P X JE A AT s At e AR S AR B B AR LA B B ARAT 1L , F A pRI R
Frfi B oMo AR SO T RN Z  (EU T 3.73%, MU AR AN 1A 4 7 ; 2 JC A
FIbr e it Ae 5 B0 H b AR R E R LA 5 . AL TR AT PR PR TP AT I, 2 F bR R AU LE
BRI 2 PR o TAMAENU TR RS P ORISR B H AR BRARIND T 24 1.83% A A, BLII B A 4
SE WL B A 2 1] Bl HIEAEAE BISFR.

®2 FARABRTZEREHESEERBERENESR

Tab. 2 Simulation results of multi—target function values and single—target path
length under different ocean currents

Z Hiri it PEAR P i B A2
I Multi-objective optimal path Length optimal path RIS
Current direction BRI AR K BTN AR K Optimization rate/%
Target value Length value/km Target value Length value/km
ML Smooth current 531.563 154.853 585.592 148.995 9.23
A& Uit Cross current 1 156.752 160.711 1201.522 154.853 3.73
Wi i Countercurrent 1223.728 163.640 1246.504 160.711 1.83

http://www.shhydxxb.com



1096 SR C S N S SO 32 %

20 [@
18

14

12 AY

Y/km

10

-
==

5

b
10 15 20
X/km

4 ZNRTZBERMBEEKERLER
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Fig. 5 Optimal path under countercurrent
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http://www.shhydxxb.com
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Fig. 6 Optimal path of ablation experiment
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MAGWO2 Sk e T 5810 54k 4 Jm) d5e L ik 1)
B FESS 265 Rk E A RE R B & e i, I T
A B- TR TP 5] g 45 i) 5 500 W BE A8 Tt 3 44
TR A BRI A RE T s MAGW O3 5892
SR T A R ROR A AR (H A BEZ K
ISR A AR Bk A R s D T R s
I, XA 85 T Rk [ S A ERF AL TS A
TR B By s 50 R A 38 N V- R . Rl
2 Fh O S G ) MAGWO B 75 SR i TE Ak £
H A 4 Jmy 5 A2 R ] ORI 57, BB A A R
AME S8 GWO B3k 7 SR ik I 42 FL R ) A A O
B IESR T ALK SO R A RO

R 3 A, 5% % GWO B kM I,
MAGWO 55 vk 1 e A 6 72 B s o £ 0 D> T
109.67, V-3 H b5 sREELFEAK T 4.4%, V- 344K
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AU, B =BT 2R R

Sk b e Lt 5

Trend of convergence curve
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Fig.7 Convergence curve of ablation experiment
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Tab.3 Comparison of optimization results of five
algorithms in 20%X20 environment

SYELER

Target value

ik

N3 A1 H [ ‘/—r

Algorithm Ak 54 Pl FHIEACRR
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MAGWO  531.563 1434.343 872.455 420
GWO 641.233 1523.263 912.766 394
MAGWO1 576.563 1572.856 844.212 265
MAGWO2 575.148 1550.092 871.411 265
MAGWO3 596.233 1803.336 1100.223 434
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Multi—objective path planning for unmanned vessels in deep—sea fisheries
under time—varying current disturbance

LI Juntao, HOU Xingxing, MAO Junya, GUO Wenwen
(School of Engineering Science and Technology, Shanghai Ocean University , Shanghai 201306, China)

Abstract: The deep-sea unmanned vessel faces the problems of insufficient range and slow convergence and low
accuracy of path planning algorithm when exploiting fishery resources. For the purpose of minimizing the
environmental impact and optimizing navigation routes of unmanned fishing vessels during the actual mission
execution of the unmanned vessel in fisheries, a path planning algorithm with the objective of minimizing multiple
parameters such as path length, smooth and current energy was designed under the premise of ensuring its safe
navigation. The multi-objective computational model of unmanned vessel under time-varying current disturbance
was established by analyzing the ocean environment and mission objectives of the unmanned ship during
navigation, and an improved adaptive gray wolf optimization algorithm was employed to settle the problem, which
is integrated optimization by introducing multiple strategies. Eventually, the feasibility of the algorithm in the field
of multi-objective optimization of unmanned surface vehicles, as well as the usefulness of the improved strategy
can be confirmed by simulation experiments. The optimization rate of total objective value was improved by 9. 2%,
1.7% and 11. 9% for multi-objective compared to three single-objective simulation results. The simulation paths
under different current conditions show that the distance-optimal algorithm can save more cost than the traditional
distance-optimal algorithm and effectively improve the performance of global trajectory planning.

Key words: deep-sea fishing unmanned vessels; time-varying current disturbance; path planning; multi-

objective optimization; grey wolf optimization algorithm ; chaotic sequence
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