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This study proposes a reinforcement learning-based
evasion strategy that integrates an acoustic detection
model into the reward function design to enhance
submarine survivability in a multi-unmanned
underwater vehicle (UUV) threat environment.
Specifically, the simulation environment was
constructed with multi-UUV and submarine motion
modeling, along with an acoustic detection model. The
reward function was designed to enable the submarine
to actively evade detection and attacks from hostile
UUVs. Simulation results show that the proposed
reinforcement learning-based evasion strategy
significantly increased submarine survivability compared
to conventional fixed-pattern strategies. Furthermore,
by learning optimal evasion maneuvers that minimize
detection signals based on the acoustic detection
model, the strategy achieved effective evasion and high
survivability.
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tS15H&(Reinforcement Learning),
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Optimal Evasion Decision and Strategies of Submarine
Using PPO-based Reinforcement Learning under Multiple
UUVs Threat Environment
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Fig. 2. Flowchart depicting the simulation logic for UUV
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EE SRS AOIHENA & F HAAS Foigt
th. o] & &9 o] HE= UUVE E7HA] BEd &
BEATS SN BEE 53t Hek
Table 1. Reward function designed for agent
Situation Reward Timing
. _ Episode
Hit 10 termination
Survival complete +100 Epi_sod_e
termination
N Every time step
Sonar detected 0.1 (if detected)
Decreased distance Every time step
) -0.01 4
after changing angle (if true)
Increased distance N Every time step
; 0.01 .
after changing angle (if true)
AuAE =5 ut Yoz FaHA g
7 AN AE, Ao M ES] FHo| Arhip HpA o
2 29 $Pota YA ht e Bgg B
ojgith, TAH O, Z4 UUV Aol A
7} Wold g okt o) HAhg F1, ©A o]
FAGSIL A= A= HdEHE EH AE =
of, &#4gto] 3]y w7 3y A w HYT F L,
UUvel &g 9] A =7t S7etH &4 9] BAS
F7tetaL, Wi & A7 Eol5W S Fofth
ERFUUVY 5F &l BRI Eo] F2AF 5= A H
(detected)oll = F714Ql £ HAFS Fojsto], o
O|HMEZ} &XA| 319 o] Z At E HASA
thol e BAEL 8 2 7] DA O A HA S =1
S b A SEE Redte g2 A L =2
G AALE Fe FRAE/AH B Bl =
5] ZA AAsto], FH ot FRE SEA Fe T
EoAM At =S 2E 5
FEstd, B e A& AL Hdsh 43 9
gt &

i Foi v, &

7HH 0.8 Fol2n. o] & 53 olo| I E= uuvete
A dev GAHA Fres 7 E5tes AHS ©
S HaL, S HOE A A AYEE ZRHES

318 2025, 8(3); pp. 314-322

2 7oA AeE PPO T FS A3 7|
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o425 EAol H st
E A= MATLABE Reinforcement Learning
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= £0]1, F A 5= XS Fig. 40 A2
= Al
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_ L
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[ ——
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2342 WA A% 5L BGAT(A () BR).
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o ?J"i.ﬂ;éﬁl*z*c}ﬂ |E 1St94 Ao w2

St4 £E 8 Loy, I8 dE 44 Uxﬂ“; o}t
o] Atk 2852 actor(Y AH) 9} crmc(ﬂ

2+ ¥l g 0)& £33t Critic —%‘9_‘%_/: 2} gkol A
B 712 V()& &8t ol = @A AJHlollA vl +

A BApe) 7| S eb o], 3 B4 5 (inear ac-
tivation) S AF&-3tT}.
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Q
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N
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>
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E}.
Z7]9+= oett= %7135}
=& (exploration) st =& FE3tc}.
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3.3.3 7]’7_(] '@' ol OiEHH]ﬂX] Z 7

Critic A1 342 AHe] 714 &< V()&
ol A& 7 sto| A e s,2HE IS 5

1 7]

71l BAfolth. St Al critic A W] A=A =3 H
A7) 54 HolE 2 H}aog Qejol = E_m. o=
E] X] (advantage) 4 oll= 4] (5)2 Zo| general-

ized advantage estlmatlon(GAE) w2 AFE-3hT)

= Z (y/l)k[er + ¥V (Stre41) — %(St+k)] ©)

k=0
o] 714, V() critic Aol 93} sHebul g pz
AR ZH) §42 Ve e, B3 gL me o] mE

ElQ] AElo] ot 7155 TD 2 F (temporal differ-
ence error)S HrG3st}. y=
tor: 0.99), A= GAE factor(0.95)°|t}(Table 2 F3).

GAEX bias-variance trade-offE XA 3}o] ot
ARl o =W E ] 374 S Al 53t

91 (discount fac-

PPOY MyL ZeWE fe 27 < (surro-
g

gate objective)E &35

b A~

) o(a|s;) =

ABANE O O=7 sy = R
ok B2 B & y(0)= 1(0) ﬂ@old(atlst)iji 8

o oof 7uket FE) W &4 L) 4] (6)3 Zh,

—E,[min(r(6)A,, clip(r,(6), 1 —¢, 1 +€)A4,) |  (6)

o]7] A e 3 HE (0.2, Table 2 3+
oho] A5t %é?ﬁf&ﬁ}

Critic®] £42 P A F 22H(MSE)E F 4 3}3}
AR AYE, 4 (7) LT

ESEREE R

L(w) = Et[(Rt - %(St))z] )

o] 71 A, (Vu(5))*= EF A 7} 2
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L, p) = LP(0) + ¢, L (u) + L (6) ®)

o714, L) A AEZT &4 Ve H,
Co= 712 &4 9] 7} =] o]},
g 7]4t0 2 Adam S E| o] A E F
i Patgich. F 5, actor F&
T ¥ ]1:_]'34‘ §Z]-U—] e 73;(-]0]—‘-' b B ReR _-E'?_T_)‘}
ps

o
4z 7m0l 5 ARHE 7
{:]_: Z

942 Aot g A
%) sto] 7 oab o] E] 52 Table 20] 4 251}

]

Table 2. Hyperparameters used in the experiment

Parameters Value

Clip factor 0.2
Entropy loss weight 0.03
GAE factor 0.95
Discount factor 0.99
Experience horizon 2048
Optimizer Adam
Activation function RelLU
Num epoch 5
Mini batch size 128
Learn rate (actor) 3e4
Learn rate (critic) 3e-4
Sample time 0.1 sec

4. Aol A3 4 B4

At PPO 714 =3 33 of
B7tst7] g Al ol HE 7 o}oﬂt}

F8 A F /Y uuvy 34 AU E, o]
= tF 99 4ol W 7124 A FAgolH v
2 A A=t 718 #3718 3o dEgo
2, 7]1& AFolA AHEE= I A2 31

715 14 FFE AR A ot o] Ak 1

H A A AAZ =E S wfjuict 35 & /fAl 5t
o, R & oz uuvete] A7} 5,000 m, 3,500 m,

I}

2,000 m, 500 mo]] =& o &=2}+3
S Yot & AA = Ut o] B4

I

A 37 L B, 91F 4 W
317 T8t A #ahe @A At ¥, PPO
ysig el et A 443 15 39

o, 43 A4S 11
Z719 A& P°&(00°) o7 s
A2 250 m, UUVE F o] 300 mE A& 5}
Aottt Ag= 4 1,000 moﬂl\‘] 100 m
o 5000 mE AP, Y= 10°
A9ol g Ad = AP st

Table 3. Parameters for the experimental environment

Parameters Value

Range 1,000 m-5,000 m

Angle 0°-360°

Depth limit 300m
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Table 4. Evasion log in combat situations

Evasion log Angle Evade decision
@® 53° Yes
® 41° Yes
© 0 Yes
@ None No
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