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ABSTRACT

Nowadays, the use of advanced methods for controlling the motion of underwater
robots has led to improved efficiency and enhanced operational quality. In this
research, a method based on reinforcement learning has been developed for the depth
control of AUV robots. This method learns the robot's movement pattern based on a
reward criterion and makes the optimal decision for motion and control surface
adjustments accordingly. Depth control using reinforcement learning improves the
robot's performance and selects the most optimal control signal based on the robot's
conditions and rewards. In this study, a linear dynamic model of pitch motion was
used to develop the depth control model. For each desired state, the scenario is
repeated 500 times to update the Q-matrix during simulation. Subsequently, by
assigning rewards to each signal, the optimal value is determined. After completing
the scenario, the optimal value from the Q-matrix is selected to determine the control
signal for the fin. The results showed that the use of reinforcement learning
significantly enhances the quality of the AUV robot's control system, resulting in
minimal overshoot and oscillation in performance.

DOI: http://dx.doi.org/10.61882/marineenq.21.46.6

Copyright: © 2025 by the authors. Submitted for possible open access publication under
the terms and conditions of the Creative Commons Attribution (CC BY) license
[https://creativecommons.org/licenses/by/4.0/]


https://marine-eng.ir/
mailto:Ali.hasanvand@sharif.edu
mailto:Seif@sharif.edu
https://orcid.org/0000-0001-7912-9613
https://orcid.org/0000-0002-1681-4012
http://dx.doi.org/10.61882/marineeng.21.46.6
https://marine-eng.ir/
http://dx.doi.org/10.61882/marineeng.21.46.6
https://marine-eng.ir/article-1-1176-en.html

[ Downloaded from marine-eng.ir on 2026-07-11]

[ DOI: 10.61882/marineeng.21.46.6 |

(V1=VR) AFF FF o lols F) ol (b 50 owiigeo & i

b 40 (wigo 4 g

marine-eng.ir :a ,is Lol axiw

(RL) (585 (155 (9, LAUV (o 5 Ol (Sllos Gos J 58

%Y

) St doxo () Wi g s

Ali.hasanvand@sharif.edu «a yi _ixius olSiily « Sl owdige 008l (6557 Luy ’
Seif@sharif.edu «s yb _ao oKl (Sl awsige 018l liwl ¥

RV

5 oleadly St con (rha ) Glacl; S 1S gl i slaghy) 5l eslitul oyl
S o sl s 6 SOl g, 5l eolaiul b Limghs cpl jo sl oo o )] Sldes coaS ol58l
él.: |) ul.:) C«SP 69i” u.:L)LJ )L,..y.a L’AJLAA"}J S Cewl ouds ool 4.&»)9..\ ‘5.»5) AUV LnguLJ) 69..@..9
CS o J 7S S o0 31 J S sl S8 5 08 o ln 1) e 23 0 oelsl 5 4285
A8 P a5 90K Sby 0 8les 35 s Susll 6Tk el (Shes
S b Seelns Jow 5l G nl 5o aiS e 3l o bl 5 Db,y sladasd byl s ulul
)‘)iu BJ)L»M A o O+ ueﬂaﬁ du\.‘b)ﬂd‘f el 00l cOLO.».w‘u’.S.o.CJ)} JM Az gl d“).uc...ﬁ
Saie JUSew ;o a4 (ololy @I L aslol o 00l glu e, 4 Q L ple gilwdnd > 0 b ded o0
IS jlaie QG pile 5l aige Slade QBl b gyl Ll 51 ey 00,5 o0 (e gllas
Shle S8 e85 (6 mSol g, 5l eolatwl a5 sls lid bl 00,5 o aseie SIb ¢l IS
o,8les o oS lwgi g Cd)ld lade a5 ol U aS 0 AUV ok, J S piw CoiS 4

DOI: http://dx.doi.org/10.61882/marineenq.21.46.6

590 led g bl i o ] s b jLaasl gl 31 ol o g g YoY0 © :pid 3>
Ll sais Jlo,l (CC BY)

\Al

Ao wleMb|

i dzesis b
VECE/VITY e b, ol
VEF/EIVD i Dol g )i
VECEEIYS i b pd full
VECF/FITE callie jlassl s b

AUV b,
Underactuated

ISSN: 2645-8136


https://marine-eng.ir/
https://orcid.org/0000-0001-7912-9613
https://orcid.org/0000-0002-1681-4012
http://dx.doi.org/10.61882/marineeng.21.46.6
https://marine-eng.ir/
http://dx.doi.org/10.61882/marineeng.21.46.6
https://marine-eng.ir/article-1-1176-en.html

[ Downloaded from marine-eng.ir on 2026-07-11]

[ DOI: 10.61882/marineeng.21.46.6 |

(=Y NVFF (FP) T ol b )o gwdigee 4,85 | it dodeo cdigions e

Lf] Sls oadipmms i 5l oy S, 45 6y
VoL By 655l Brae Silgs oo by, cnl 5l eoliwl pizmon
odezy Pl e SYgb (slacy el (sl a5 ams uals
Lo] e
S8 S50k S 5 srbs Sl slaans; 5l s (S
&5 Syae bl AUV 08 gl (Sl orae sloasis b
Glopiw @ i Cold Jds a bagls) onl Sl ape
plsl YL 2B L) Slabre wiily oo ((Seigdsn (oras
GLSNN s ol SLSL clos, )l @l 5 oo
aglse o 1y b AUV sSoealy oleg asilsi oo RL L oays isee]
omizen 8] siiss vgue Tl b edis o i @lge b
Gl sl lons b owyp 4 Al 5 [V] Gla_sagn
aS ol plas mls g ozl y RLL oS5 0 ras sloaSs
s, 5,50l ;0 LAUV 4 uilgs o SLSTM 51 oolazul
S S8 gy sladams o sazy
CrSl ozl S @pS,a o gl Glegh sylys
Slaol) (des 5> dielgr S ln Gree Sus
L iy ol 5 el S e Sl eolisid b (xban
Qe 5 @n &S5 oadhs (Swlus Juo oSy
5 09> Dogedy S alyge Cewlew adislearning
s So (b sebise 650l (ase slaosly (gt
5 SiFl Bras &Sl Gee glad Lkiw o5 Eal Abl
WS oo il Olzen Sjgonr 8 ) (Seelus ol
asle bol, aws pl JuS phaew 4 SLLE SLS wlgiw
5 9,k 2 glp Glals o B0 0 ST 5l eolaiwl puzen Lol
P S 2l g cds I Ses &jpoh Q G Sle (Sle s
Sl S8 085, (l dSu e Sgne () S e Lalyd
sl ) (JAS JWKew cn e (Seslod 330 Jowe 4 5L (g
Orizred 5 e ol J7US SedS slats; 4 Cod LSIL
5l sheme Slalasdl plp 5o 6y Caglie 5 iyl
Ao ylis 0e>

oSy Yolre— ¥

Obeyer Jo 4 (xlaw py ol S 28 e SVl (gileanes
Slp ol zlosl oo LS b e fowdlins dolee il
Dgd oo iy i Slaite oSwd 90 o)lgen  (Swlus (giludas
W‘J)?LS'BU*A)‘DJ‘M?ﬁ“Jb)QOMJ&JGlj‘
oiws o yial )by malS (gl ol oo Dby a4y Jate sog0
Sodoe w8)F 5 3 owibs S 0 A 4 Jate Slaise

7 Spiking Neural Networks (SNN)
8 Long Short-Term Memory

doddo — )

Dby S5 S sl N Ghsl 6ol slagby, 5l eslinul
G5k 3 baghy, nl Uy Jds 4 AUV (s
B axg 9y50 pslasl 5 by slabazme )0 ap Glacwls
RL slopz sl a5 wilosls lis ol ol byl Cal 4285
BoE g yammo JyUS (sl aiilgs o DONY 5 Q-Learning ol
DQN 5l osliisl o Jlie lsie 4 .igds oolicel Y s L LAUV
Sy, bawlio 0 IV U 1) e oty sl Wil o
D] s als Sedls J s

asle Actor-Critic g sla b, 5l 6,50 Claass o
osliiul AUV @IS > 8 oL 5 o)lol o5t sl PPOT
Joe lad cupae o SUly Jdo 4 by, ol el ouls
FE30 J5S 6l g pSol anlp jo clilug rald 5 atusy
e slaghy) b amalie ;0 PPO (g aiins culis AUV
clolazel 5 e ghls glolae ;o gy 0, 8lae (i35l 5
LRL oS5 a5 oS o aST asdllas ol pizmon Y] 5l
et fen ol Wle AUV (Solis (sl o
MEX IR ALY

WLAUV S ol RL 5l eslid o Lol slo s 5 S
el Vs Sleloe loj 5 )0l sloosls sl o 4 5L
ale (oS5 slaghy 5l liime (B p (JSie pl >l
iles S oolazwl Imitation Learning 5 Transfer Learning
Ao (Ul 6Tl 5l esliial b a5 ans e lis lalllas
9 ol preni o2Bly Lazee a4 |y sluad (o 0uo (hjgel sld o
ool I¥] sl pals 1) (S5 slaiabe)] sloai s s o
ST b RL (oS5 o5 WS e slgiing omized sy
Slbos Lulyd )0 1) w0 Sloe Wlgie Tommiin Joe
sl Caldesiz sl 55l slaty, Sl eslinul [
ol s Sl 6l‘°¢“:’.)9":l‘° PAUV o Sales [0S
Om S Gl bty cnl ol a8F 18 Az 9 0e
2 2B g 4 e willgioe g S (e al 2 1) AUV
Wgd by s 5l gl panss wle cazs by plol
St Soalen wilg e "MADDPG 5y (e (slapiy o5
cds alelecSs glais, b dmlio ,5 5 a8 sbxyl LAUV o

! Reinforcement Learning (RL)
2 Deep Q-Networks

3 Proximal Policy Optimization
4 MPC

° Multi-Agent RL
6 Multi-Agent Deep Deterministic Policy Gradient


http://dx.doi.org/10.61882/marineeng.21.46.6
https://marine-eng.ir/article-1-1176-en.html

[ Downloaded from marine-eng.ir on 2026-07-11]

[ DOI: 10.61882/marineeng.21.46.6 |

S S g S Seelud Joe ol (gxn) ST
23,5 Gl (F) JS8 4 (o 5o

0
Tdis
u-+ ¥
_ |:Tdi52:| ( )
4

C=[1 0] ()

S 4 gy e oSl S ookl b ol Gee S sl
A S gl ke s 22 Sl a4 S5 e LS
Cales o ilin yeo ) Cepn (Seop o o, oS> (28 L
IS 4y (Solesw Laily, 3l oolainl b ol bes oS > dloles

De oo Gl () dolas

2=sin(6)

t *)
zZ= J'O zdt + z,

Jae Jo b olgi e g ail oo Db,y slabaod Gac Z eyl jo oS
plE yo o) Ges Jlade mm oS > syl ax 0 S ez
Bgad S Soelind Dlasin 5l giludas sl o) s gl
u.v‘].o )l el 0l :L\.S)f 0y @5‘3 ‘57114‘.4).‘) g_;lJ)
ol oy (Sl s3ldae gl AUV ISIMIE Ol (Solissgone
e (V) Jges e Dyl ooliiul  allie

ol 00 &‘)l A_’Li) LJ"‘ éo.nl.ués)m

Cowl 00l

[Y¥] AUV ISIMI @by - s

DY AUV ISIMI @by (Suoliadgyoud cal po - Jga

parameter value unit
1 L, 7.5 kg.m?
2 M, 0.09 kg.m?
3 M, -5 kg.m?s
4 My -1.4 kg.m?
5 M, -0.8 kg.m?

\Al

o slaslaie olKiws cad Coxdy (V) JSo [a-11]
Ao oo lid 1) onls

pitch:0 £

S

sway:v,Y

pitch:q,M

heave:w,Z
surge:u, X

yaw:r,N z roll: p,K

o GBSy Silosls 9 o iy y27 (gl Wilaisie oliws —Y Sl

Y] gol3T as 0

2 e S5, S &S ) g S8 > Ol Dld B 5l eolisl b
slo 5l Wl e olusy underactuated slacl, Gos S8
AUV ol o oS, doles g5l s b oS s b5,
2 oS asles wedioe gl me oS Sl Jo
Glop s Lol (1) aobes .l oo &l (V) alasly ) g <5 >
Soy 3 who ez Sealis ((Selnsgyone (lee als S5k

ol oS

(1, +My)d+Mg+M,0+M,u=1, M

P MY oo Jo> o0m (ol Ol |y bxil s oS
croMy@n S SipesMpgn S5 ooyl
U Bzt Ty o5 Shae s M, s 55
B e 5 ey QLS i @ 0,0,0 5 JS JiSe
e Sley o8 2 50 (el Joo Jo 5l o bl jo s
ool Joe (Siileiiw Yoo bl &= agly ol dule

233,500 lo (V) dolae & g0 a4 gom argl) Ol s Jlade o]

0=q )

b g e a5 el pobie o lailinl caejp el slid Jow

o (F) sl wiile & b

X=AXx+Bu+E

y = Cx (")

Jop Sy €5 K ¢(ug) S slarite Jop X ol o a8
A‘(qx]_) <§>~9)>~ )bﬁy‘(pxl) )J}J S99y U ‘(n><l) oJ=
5L C sy p) 6908 oo By e e le


http://dx.doi.org/10.61882/marineeng.21.46.6
https://marine-eng.ir/article-1-1176-en.html

[ Downloaded from marine-eng.ir on 2026-07-11]

[ DOI: 10.61882/marineeng.21.46.6 |

(=Y NVFF (FP) T ol b )o gwdigee 4,85 | it dodeo cdigions e

Pl Lad (slojgucin (sloodls 5 s s oz gl ¢ Jad Goe
5 e 155 e | oSl (sl a5l ki
1 s 45 WS s dpsla |y blol AUV Saliys ¥olso
Lol 6551 B man 5 (@odlae Gos L ol Goe slla>
ol Ay Conlow SO w5y Jole RL (sl 631 51 oolaiu!
aSd il oo Plas 4 1) Gos slhas Lias aS 5,5 o
ol S e Ol 56 1 ol Bl GBS Sl 5 Sllegs
W)l (S ol & (o s sla b 6l ohag B,
Slslanel 2l 5o Spslie g 53-8 S 4 e aiilys o0

g

SYCIPERWES IR W
9 0, Shas (bl gy g 0,9 Nl 0 Sdes )y Sl

woled (gl oa axslil glo ploly 5 o loj b pyolia

C)_: ‘_g‘).’ W) oa).t.alj )JQLD.Q ) J9~.\> )9 LA 3y odl>
ol 00 43‘)‘ aliso 6&&9).0‘ 9 ‘_gjjél.:

g8l o Sdas Julo Y Jgor

no. Learning Cumulative | Overshoot | Settling
Episode rate reward (-) (%) Time (s)
500 0.05 13521 2.3 7.46
500 0.1 15030 11 3.82
500 0.15 13733 2 5.16
500 0.2 -8620 27 12.22

1 0.1 - -

100 0.1 3.4 5.26
200 0.1 5.2 3.34
300 0.1 4.2 3.82
400 0.1 1 3.8

500 0.1 11 3.82
600 0.1 33 2.86

Slaie 095l Hlaie (iol5dl a S aes o Ll (V) Jgoo polis
L g oo oo ialS |y cncis oloy Lalools iolsél 1) <l )8
Sl e e S 9,509, (nl Sggml lade rals
as (_gld_v; a Sl 00 g.)l_‘z.u‘ O 03)_.4‘ uL?L..:‘ ‘_g‘)_a
o gl aylo )13 ceslie 00gass 5o A 0,90 sla il
30 g oo (5, loobl o YU polie gl mls 5,500 &5
o alS ) (ol Kes g5 sl (nl o5 Hlade (550
Y lade a5 sl oo @3l (V) Ko 0 ool ailil sl yslal

Gos J S Glp (ki g Sob Y

odle 5ol ol slooged 5l (o (ol s 2SOk b,
il g e b ol 3o,k 5l T ale SO ol jo 4 el
Sl 1) ate HL8, L5 0,05 oo 0b (amayz b (BI0L) 05555,
G ol O, 08 olsal Gaeasds Blacal ay o,
= RL o yls 500 0065 oz o st 51 slaosls 4y aS7 oals las
Syl (658 s Slacnlins iloaig g b3 5 G905l sl
slogil « Sl wsile oo sloo IS 4o g, pl .ol
S § e Co pae (AlphaGo Jiv) cgias (os
RL (sodS slapt o) .l 48,5 1,8 solawl 0,90 Sdrogs
S5 J—le 4 Policy Gradient 4 DQN «Q-Learning s—le
LSLQ[‘)-:"*-*"S «palad po—< L oty LSL-“‘L’-:’“’ o i AL'S@
255 dlacedisn

bl (550l by S (s 550k b ol o slalen
y Sleladl o oo Uy Jolss 3,k 51 Jole G o 0 a5 el
Bad WS oo Gl o (Ao, b (Blol) 9,65 50 5 w0 plxl
=25 bl iSTas a8 el digy Conlns G (5 50L ele
3 eolaiwl Ly ‘)(9_“ ol ol oyl cans 4 ley Job yo 1y
B9 oo Ssledae (V) abaly jo roly ddoles wiile oL peplie

V”(s):Zn(a|S)Z ps.rls.a)[r+ N7 v

— ol |y T icwlaw cs s Cl> lade V() ol o aS
sl daore JSE A6 p(srls,a) § ol caidy (S B Y was
3l o= J—sle Q-Learning osle ,5aid iy slo g, ,o
A Jos plxil coaS oaumslis a5 5 .5 0L 1, Q(s,8) polas
olre bl 5 Q Hlade Sluyjg,a b o, 68l el s cdls o

iS5 5

Q(s,a) «
Q(s,a)+a(r+ymaxQ(s’,a’)—Q(s,a)) ®
— ikl Jole @ oty cpl el 6250k E5 o gl o a8
Joo (g0 s 1) diogy Sl c0duzen slolae ;0 U wies
3555 0k b 380
Sl (mslisl slallz 5l (S e S8 AUV glacl) 5o
S0k 09b planil Gugildl (dly Lulyl o 9 YL B Ll oS
J=oly o daize b s Jolod b (6050l ol L (oo
Jole gy ol 5o sl aiadise sla S (>lib ol S5
aile olacdls codl o b g &S oo Joe AUV IS clgiea

® agent


http://dx.doi.org/10.61882/marineeng.21.46.6
https://marine-eng.ir/article-1-1176-en.html

[ Downloaded from marine-eng.ir on 2026-07-11]

[ DOI: 10.61882/marineeng.21.46.6 |

ey g mbi— 0

sl g gy Seelus Jae jee 4 (S slagi o
5 e o8l gile ooly 5l e ol wSlo, Sosd (S 0b
ool 485 S50 a5 5590 Slagile At FTY Gl
bS5 £ g 0V 650k 5 e cnl slasile 4t o
Bas alads o gl a4 el sos 48,5 ey s /0
A bl by gl and  Solys Jow jleolaznl b A5l S
b ol o0l ‘SQ.))L.\MQ w)_aLo)o u...v..ea 6)L»w)‘ u=

P A e B

S Q mile bl ails alins Lulyl jo 1y Joo o g Wil
)mﬂw‘owwﬁéiumb‘obyéMSwau
039 by labind Ges jlade o gt 5 S8 JiSew O
B oyls orw £oai o3l 5l oslaiwl b by g )l o 0 ol
Sl ool S o o Gl 4 0SS coans | Collae alads
G Q Guple jo 5 Cewl oal wid S A s o 58]l
Sl ol o0 (390T 02,55 Cales po el 00,8
U sl 5 605 ool G50 sl el 5B 50 Lo aloly
Sade glabisd  gae wlelp Ol 0gd o colaill  JS
oy cpl 4 g WS o Sl Q L ple 3T Jpas Sl
gl s gls aslsl o .cul a8 s S JLSw

Sl oas adl )
Slp Gl S 0
NG PR 45|)| s ¥ G 6[.%&4& ‘_glj.g Q MJSLA 0.4)5.411
u“)ﬂ*"" Glyp s @l s L,;L_‘B scwud o a5 shiles
5]
G ooy A g Bolal Ohge 4 Sleeal woye Ve byl

Gl dnds a (A-F) o S (o

4.».»...4 U"‘ B RO IR )|)S4 d)l-“’ w M).A Do

Ll iy oi)sS b 0l o il dingy ke e
Bl asly 1y g ian Ghjgel g QS a0 1) g Fanas

Depth (m)

1000 1500 2000

step time (-)

) o8 il S B D igal A - JS

\d

aslil wloly lade (5 loged Oyge 4 55 (Q) 5 (F) oS
L aes oo olid U5 a0 plias 1) g5l slaws bl oals
Ol 8l L ogd oo ol oads ailil Blel wgiml Jlake il
Q Jssz ohssl 6l |y s ymin oloj o sl ogiml jlade
ol L Ll coal (ol (50l 0 Shos S5t 9 05 (o8 (S e
Slade U o, Sles dgugr g a8l yiol38 Gliwlo e 0950 Jlaae
Sg3ml B0 v ke jalaie fyed glp sl g s BB saie

5 x10% ‘
= E S
g (€ o Q)
1 N,
— \~
g \\‘
i N
S 0f S
3
E
5] ©
_1 L L L
0 0.05 0.1 0.15 0.2 0.25

Learning rate (-)

G50k £ olwlp oo 4Ll glailol - Y S

20000
——1 episode
——— 100 episode
15000 200 episode |
-~ —— 300 episode
= ——400 episode
© L 500 episcde | |
E 10000 — 600 episode
Q
Z
T 5000
3
£
3
Q
0
-5000 ' ' ' !
0 200 400 600 800 1000

Time step (-)
) B udini 09 jum | Slawi wlwl p oul alsl sla wloly —F o

).S.o
x10%

1 episade
—— 100 episode
200 episode | |
— 300 episcde
——— 400 episode
500 episede | 7
— 600 episcde

Cumulative reward

] 200 400 600 800 1000
Time step (-)

Y Gos Codini 093l dlowi wlul ool ahlil gla olol -0 JCo

o


http://dx.doi.org/10.61882/marineeng.21.46.6
https://marine-eng.ir/article-1-1176-en.html

[ Downloaded from marine-eng.ir on 2026-07-11]

[ DOI: 10.61882/marineeng.21.46.6 |

(=Y NVFF (FP) T ol b )o gwdigee 4,85 | it dodeo cdigions e

iboe Sgete S 85 Q e ile Glo gy b g ansly Juil
i s s g5 45 oadodnlive gl SuuSTy ool by
Sooa gl sl ol il gl epe s ash
gl oo wgmme Aol g pglie Sy ol

Sl o (sl Bae J5uS et aslsl o ;5801 (ojgel 5l
Sl oo SLIAOVY-9) sl S8 50 2 Y B

3.5

25

=== control signal

Depth (m), u (rad)
=
w

1 ===Depth
0.5
0 u
05 0 20 40 60 80 100 120

time (s)

o Lo gl (5981 Wl (gl alaod Goe g J 08 JUSw - S5

o ¥ Gos cadiad’ (5l

1.20E+00

1.00E+00
8.00E-01
6.00E-01

=== control signal

===Depth

D s 20 40 60 80 100 120

time (s)

U Cu gl (5oL b sl i Gos g J 08 JUSw )0 S

yo ) Gos cudiad gl p

2.50E+00

2.00E+00

1.50E+00

1.00E+00 ===control signal

===Depth
5.00E-01

0.00E+00 i
QWPIL 40 60 80 100 120

-5.00E-01

Depth (m), u (rad)

time (s)

oo 985 (5951 s ol o aliod s 9 J S JUsipms -1 S

s ¥ Gos el (gl y

Depth (m)

0 500 1000 1500 2000
step time (-)

Fo ¥ Gos cndind Yo Bee 5901 azmii -V S

Depth {m)

0 500 1000 1500 2000
step time (-)

P ¥ s il S Bee (g0l Az A KB

S 092y o lis (A—F) sla IS o sadadlyl sla jlogas
o aiten Q L le 6,50k Wy, o o Fassly 5 ollug
50 Sleladl gas e Voo gilu Bolar oSGy, 5l SS6 [ERUNS
—alessT ol Lolol g aS olmal ol ol Sojeel a8
Sleladl Gl (Sl sans &jgod il (b (5500 0 00
lad wlgn Oby B wiS o palp 650k Jsb )0 1) et
30 00,5 58 5l g 00,5 anS JulS jgbay 1) wlludl 5 el
SlfSem (Fr 0 @ )0 0ed G pSelr e laaig
i s8olas Sl o 390l ads] Jlye 5o o5u98) (5 jlotens
Al 8 Sshe el S8 el Jlel &
I 9903 (o Y B Y) gllae Bos )3 (orhaie Glallas )90
Lowars oo lis b)loges wigy a5 jehilen (> cpl b 0uS o
g ool alwlS b SaSTy pl Gl 5l o)l S5 slass 53l
oL B8, cnl wliee Pl ae polie Coom 4 (2l Ko
Solpope B a4 Slaxst 5B Gl yusa oh oSl &S wes


http://dx.doi.org/10.61882/marineeng.21.46.6
https://marine-eng.ir/article-1-1176-en.html

[ Downloaded from marine-eng.ir on 2026-07-11]

[ DOI: 10.61882/marineeng.21.46.6 |

Witen ase SlndS 4 380 5 @ 255l sl

WS @l celie 0 ,Sloe Wil oo
e b poiitns Jols3 5l 6250k QU9 L aiedign JouS ol
slacaakd poe glls a5 Lugldl (Bly Ll 0 Wlgs e
b S 5l ooliiul ol ogdle S s asPd el Sl
Sl S 4 (ol Gl o )oXU nl b oS 5 s (J S
sl jo ol malp 658 ol Glaglyr sy o o>,
s il %08 Glaoje 4 1) oexly pl Gl
Wz (295 Calbe b (Cuz 5 Bes oS5 AUV gamain
LSS o b gy opl pleol yizren Ol pess L,
dong & yzee Wi e PPO L DDPG wiils sres (5 5ok
ol ogd pigllaal 5 Saleeb g (JS lagie
Gl slocl, JrS o Slee dge Cuz 0 S oo
Slidss 5 AT slacygele o oyl slocalls 58l 4

Dl 58 D

oY

1- Zhang, Y., et al. "Deep Reinforcement Learning for
Autonomous Underwater Vehicle Path Planning and
Control." IEEE Transactions on Robotics, 2022.

2- Li, H., & Wang, J. "PPO-based Control of AUVSs in

Dynamic  Underwater  Environments.”  Ocean
Engineering, 2021.
3- Chen, X., et al. "Transfer Learning in

Reinforcement Learning for AUV Motion Control."
Journal of Marine Science and Technology, 2023.

4- Liu, R., et al
Learning for Cooperative
Autonomous Robots, 2023.

"Multi-Agent Reinforcement
AUV  Navigation."

5- Wang, L., & Zhang, K. "Energy-Efficient Multi-
AUV Control Using MADDPG." IEEE Journal of
Oceanic Engineering, 2022.

6- Patel, S., et al. "Spiking Neural Networks for Real-
Time AUV Control." Neural Networks, 2023.

7- Kim, H., & Park, S. "LSTM-Based Reinforcement
Learning for Dynamic AUV Motion Planning.” Ocean
Engineering, 2023.

8- Zhao, Y., et al. "Hybrid RL-SNN Architectures for
Autonomous Underwater Vehicles." Journal of
Intelligent & Robotic Systems, 2024.

YA

= Control signal

= Depth
=+ Desired depth‘

Depth {m)}, Control signal (rad)

250 300 350

time (s)

s GOl J S 3l eslisiwl b 0l Gee J 08 1Y S

e J S e 45 00000 (LA laggiludd ol
L AUV iee oS o sl aiadlys YU s b g5 (5,50l
A axgi LS Copde g9 (G Y U )) il lages jo
2 653l anT b eSS ) e oe sllas conbail)| (gl fogas
wollae gyl b 4 0B ol g adly alS 5l ke
GlS slasjgbiws 51 (Sl it (Sels Ll o >
$2978 pé o3l oS 5 (6551 B pae giludings (oo )
ity Gl 6550k b oad >k o oSl el SIL )
D, 5l s wiS oo Lol gl pelass 4 pladl o3V &Blse o LS
Sl wgdise 655 Wl 4y ymie a5 SLSL lahy 9 0
Sl ool il ) s LS 5 0,5s5, o2l led s
oo Olyy Sldee aals yioli8l g (65,5l Brae ials cel
Joce U s g ,m50ly S 5 45 amo e ol gl e
IS @l S Jool) So g &8 2 sad s (Salias

g oo wgme (o lasl) BraeeS g 58

S5 ami— §

Srol 2 G 9 eelly S Axeg 4 Gheghy o)
oy AUV glassh; (doe &8, dioge J555 Glp (9
s S5 >l 5 Q-Learning o oSl 5l eolawl bl
(oo JyuS 288 aler 5l Al glajlre oS arediga (SloL
SRS Sy oS i 3 1y Sealiss sl 5 (55
Sl assleand @l ol oad bl Wl 5 ol
Oliee 4 Goe sllaz 1alS 4 ;0B Liiai by, (ol o5 a0
SedST J5uS slaghy) b anglie jo asly il 425 LG
b Ll p g oanzmn Lulpd 5o 65k 9 Sles PID wiile
Sl S5 00 (b Q e (Gloyjgd ams oo plis 095
) dig Colow @ 21800 5 Bros 50l (Bl i jles o
o Sllee Glaon)l5 )0 ohgt 5505, (nl Sl 055 al)p


http://dx.doi.org/10.61882/marineeng.21.46.6
https://marine-eng.ir/article-1-1176-en.html

[ Downloaded from marine-eng.ir on 2026-07-11]

[ DOI: 10.61882/marineeng.21.46.6 |

(=Y NVFF (FP) T ol b )o gwdigee 4,85 | it dodeo cdigions e

9- Hasanvand, A. and Seif, M.S., 2024. Investigation
the effect of length-to-diameter ratio on six-DOF
helical and zigzag maneuvers of the SUT glider with
internal actuators. Ocean Engineering, 295, p.116819.

10- Hasanvand, A. and Seif, M.S., 2024. Development
of state space models for underwater gliders equipped
with embedded actuators in vertical and horizontal
planes. Ocean Engineering, 309, p.118344.

11- Hasanvand, A. and Seif, M.S., 2024. Adaptive
path-following  control ~ for  high-underactuated
underwater glider under hydrodynamic coefficient
uncertainties. Journal of Marine Science and
Technology, 29(4), pp.1000-1017.

12- Wang, D., Wan, J., Shen, Y., Qin, P. and He, B.,
2022. Hyperparameter Optimization for the LSTM
Method of AUV Model Identification Based on Q-
Learning. Journal of Marine Science and Engineering,
10(8), p.1002.

13- Jun, B.H., Park, J.Y., Lee, F.Y., Lee, P.M., Lee,
C.M., Kim, K., Lim, Y.K. and Oh, JH., 2009.
Development of the AUV ‘ISiMI’and a free running
test in an Ocean Engineering Basin. Ocean
engineering, 36(1), pp.2-14.


http://dx.doi.org/10.61882/marineeng.21.46.6
https://marine-eng.ir/article-1-1176-en.html
http://www.tcpdf.org

