PEDEPAT

AKTyaJbHiCTh TeMU. ABTOHOMHI ITiJIBO/IHI arapaTy BIAIrParOTh KPUTHUHO
BOKJIUBY POJIb Y JOCIIPKEHHI OKeaHy, MOHITOPHHTY MOPCBHKOTO CEpeOBHIIIA,
MONTYKOBO-PITYBAIBHUX OMEPAIiiX Ta MPOMHUCIOBUX 3acTOCyBaHHSX. OmHaK
M1JIBOJTHE CEPEIOBUIIE XapaKTEPU3Y€EThCS BUCOKMM PiBHEM HEBU3HAYEHOCTI, 1110
CTBOPIOE 3HAYHI BUKIWKHU JUIS CHUCTEM HaBIrauii Ta ymnpaBiiHHA. Tpaguiiiiini
migxoau a0 Hapiramii AUV, Taki Sk METOAM Ha OCHOBI MOJCJICH, YacTo
BUSBIISIIOTECS ~ HEJIOCTaTHHO ©()EKTUBHUMHM B yYMOBaX 3MIHHUX TeYiH,
KOMYHIKAIlIMHUX 3aTPpUMOK, IOyMIB JaTyWKIB Ta 1HMMUX 30ypeHb. Tomy
3aCTOCYBaHHSI METOJIIB IMIMOOKOr0 HAaBYaHHS 3 MIAKPIIUIEHHSAM JJis CTBOPEHHS
OiNMBIN aManNTUBHUX Ta 3aBaJOCTIMKMX CHCTEM HaBiramii € NepCHeKTHBHUM
HampsMOM  JOCJIJPK€Hb, SIKMH TMOTEHIINHO MOXE BHUPIIIMTH 3a3HAuYCHI

poOJIeMH.

O00’exTOM JOCJIIZKEHHSI € TpolleC Hapiramii OE3MUIOTHUX IM1ABOJHHUX
amapaTiB B yMOBaxX CTOXaCTUYHUX 30ypeHb Ta HEBU3HAUYCHOCTI HABKOJUIITHBOIO

CepeIOBHIIIA.

IlpeameTomM  JOCHIIKEHHSI € METOAM TJIMOOKOrO  HAaBYaHHS 3
HiIKpIIeHHsM (30kpema anroput™m Proximal Policy Optimization), a Takox
miaXxoau 3MeHmieHHs: "mporanuau B peaibHocTi" (Domain Randomization Ta

Curriculum Learning) ayis 3a06e3nedeHHst poOacTHOCTI HABITALIIMHUX CUCTEM.

Meta po6Gotu: po3poOka crmocoOy pobdacTHOI Hapirarmii Oe3miJOTHUX
MIJBOJHUX  amapariB, 3JaTHOTO  €(PEKTMBHO  KOMIIEHCYBaTH  BIUIWB
Herepen0auyyBaHUX — TIPOJAMHAMIYHUX — 30ypeHb  (Tedil) Ta  MOXMOOK
HaBIraliiHUX CEHCOPIB, IMIJISAXOM IHTETpaIlii aIrOPUTMIB TIMOOKOTO HAaBYaHHS 3
HiAKPITUIEHHAM Ta MeTozoJjorii Sim-to-Real.

HaykoBa HOBHM3HA M0JIAra€ B HACTYITHOMY:

1. Possutok wmeromonorii Sim-to-Real s cucrem  Hasiramii

MIJBOJTHUX JAPOHIB IIJISAXOM ajanTaiii KOMOIHOBAHOTO TMiJIXOdY



Domain Randomization ta Curriculum Learning no cneuudiku
M1JIBOJTHOTO CEPEIOBUIIIA.

2. [IpoBeneHo cucTeMaTHYHHM aHali3 Ta KUIBKICHY —BaJliJalliio
noBeiHKM DRL-areHTiB npu iX mepeHeceHHI 3 1J1eali30BaHUX
CUMYJIAIIIHIX YMOB Y CTOXaCTHYHI CEPEIOBHIIA.

IIpakTHyHAa HiHHICTH OJEpKAHUX pPE3YyJbTATIB MOJSITAE y CTBOPEHHI
peaiCTUYHOrO  IMITAIlIHHOTO CepefoBHUINA I  OE3MUIOTHUX  IMiIBOJIHHUX
amapariB, K€ BPAaXOBY€E HEIIHIWHI TiIpoauHaMiuHI €()EeKTH, CTOXaCTUYHI Tedii
Ta myM ceHcopiB. Ha Woro ocHoBi Moke OyTH po3pobiieHo podacTHUM crocid
Hapiramii 3 BHUKOPHUCTAHHSAM TJIMOOKOTO HABYaHHSA 3 IMMJAKPIIUICHHAM Ta
paHaoMizalli JOMEHY, SKUWA J03BOJISIE €()EKTUBHO JOJaTH pPO3PUB MK
CUMYJIAI€I0 Ta peanbHicTIO (Sim-t0-Real gap). 3ampomnonoBanuii miaxina
3a0e3nedye (GopMyBaHHS IUIABHOI Ta €HEProe(peKTUBHOI MOJITUKU KEPYyBAHHS,
110 € KPUTUYHO BAKIIMBUM JUIsl €KOHOMIT 3apsiay OaTapei i yac eKCIulyartaiii

peanbHuX MmIaThopMm.

Anpobanisa podoru. OCHOBHI MOJOXEHHSA 1 pe3ylbTathd poOoTH Oynu
MPE/ICTaBIICHI Ta OOrOBOPIOBAIMCH HA HAYKOBIM KOH(epeHIli MaricTpaHTiB Ta
acmipanTiB «lIpuknagra maTematuka Ta koM rotuar» [IMK-2025 (Kuis, 19-21
muctomana 2025 p.). Takox pe3yabTaTd MOCTIKEHb OyiIM OIMyOIiKOBaHI Y
xKypHaii kareropii “b” “TaBpiiicbkuii HaykoBWil BiCHUK, cepis ‘“TexHiuHi

Hayku BHUIYyCK 6, 2025 pik.

Ctpykrypa Ta o0csir podoTu. Marictepchbka qucepTailisi CKIadacThCs 3
BCTYIY, TPhOX PO3JILIIB Ta BUCHOBKIB.

Y ecmyni momaHo 3arajibHy XapakKTEpUCTHKY POOOTH, 3pOOJICHO OIIHKY
CydyacCHOTO CTaHy TMpoOJeMH, OOIPYHTOBAHO AaKTyaJIbHICTh  HAMPSMKY
JTOCHIKeHb, ChOPMYJIbOBAaHO METY 1 3ajiaul JOCJIKEeHb, MOKa3aHO HAyKOBY
HOBU3HY OTPUMAHHUX pE3YyJbTaTiB 1 MPAKTUYHY I[IHHICTh POOOTH, HABEIEHO

BIJIOMOCTI MPO ampoOarlito pe3yabTaTiB 1 IXHE BIPOBAKEHHS.



YV nepwomy po30ini PpO3TIASHYTO ICHYHOYl METOJAM aBTOHOMHOIO
yIIpaBJIiHHS APOHAMH, CIIOCOOU PO3POOKH MOIOHUX CHUCTEM Ta iX 3aCTOCYBaHHS
y peanbHUX 3amadax. [IpoBeneHo aHami3, KU Ja€ 3MOTy BH3HAYUTH OCHOBHI
repeBaru Ta HeOJIIKH [IUX HaBYaJIbHUX MOCIOHUKIB.

Y opyeomy po3oini onmmcano Ta oOTpyHTOBAaHO O0OpaHi METOAW PO3POOKHU
CHUCTEMU HaBirarii Jyisi aBTOHOMHHX TT1JIBOJTHHUX JPOHIB.

Y mpemwomy po30ini onvcano po3po0OsieHy cucteMy Ta (pyHKIIIOHA ycix il
KOMITOHEHTIB.

V 6ucnosxax pencTaBiieHi pe3yabTaTH MPOBEEHOT pOOOTH.

Po6ora mpencraBnena Ha 92 apkymax, MICTUTh MOCHJIAHHS Ha CIHCOK

BUKOPUCTAHUX JITEPATYPHUX JKEPE.

KarouoBi caoBa: OesmiotHuit migBoanuii amapatr (BIIIA), arent
HITYy9HOTO IHTENEeKTy, IIMOMHHEe HapuaHHs, Sim-to-Real, 3aBamoctiiika

HaBIraIs.



ABSTRACT
Relevance of the topic. Autonomous underwater vehicles play a critical

role in ocean exploration, marine environment monitoring, search and rescue
operations, and industrial applications. However, the underwater environment is
characterized by a high level of uncertainty, which creates significant challenges
for navigation and control systems. Traditional approaches to AUV navigation,
such as model-based methods, often prove to be insufficiently effective in
conditions of variable currents, communication delays, sensor noise, and other
disturbances. Therefore, the application of deep reinforcement learning methods
to create more adaptive and noise-resistant navigation systems is a promising

research direction that can potentially solve these problems.

The object of research is the process of navigation of unmanned
underwater vehicles under conditions of stochastic disturbances and

environmental uncertainty.

The subject of research is deep reinforcement learning methods (in
particular, the Proximal Policy Optimization algorithm), as well as approaches
to reducing the "reality gap" (Domain Randomization and Curriculum Learning)

to ensure the robustness of navigation systems.

Purpose of the work: development of a method for robust navigation of
unmanned underwater vehicles, capable of effectively compensating for the
influence of unpredictable hydrodynamic disturbances (currents) and navigation
sensor errors, by integrating deep reinforcement learning algorithms and Sim-to-
Real methodology.

The scientific novelty is as follows:

1. Development of a Sim-to-Real methodology for underwater drone

navigation systems by adapting the combined approach of Domain
Randomization and Curriculum Learning to the specifics of the

underwater environment.



2. A systematic analysis and quantitative validation of the behavior of
DRL agents when transferred from idealized simulation conditions
to stochastic environments was carried out.

The practical value of the results obtained lies in the creation of a realistic
simulation environment for unmanned underwater vehicles, which takes into
account nonlinear hydrodynamic effects, stochastic flows and sensor noise. On
its basis, a robust navigation method using deep reinforcement learning and
domain randomization can be developed, which allows effectively overcoming
the gap between simulation and reality (Sim-to-Real gap). The proposed
approach ensures the formation of a smooth and energy-efficient control policy,
which is critically important for saving battery power during the operation of

real platforms.

Approbation of the work. The main provisions and results of the work
were presented and discussed at the scientific conference of master's and
postgraduate students "Applied Mathematics and Computing” PMK-2025 (Kyiv,
November 19-21, 2025). The research results were also published in the
category "B" journal "Tavria Scientific Bulletin, series "Technical Sciences"
issue 6, 2025.

Structure and scope of work. The master's thesis consists of an
introduction, three chapters, and conclusions.

The introduction provides a general description of the work, assesses the
current state of the problem, justifies the relevance of the research direction,
formulates the goal and objectives of the research, shows the scientific novelty
of the results obtained and the practical value of the work, and provides
information on the testing of the results and their implementation.

The first section examines existing methods of autonomous drone control,
how to develop such systems, and how to apply them in real-world applications.
An analysis is conducted to identify the main advantages and disadvantages of

these training manuals.



The second section describes and justifies the selected methods for
developing a navigation system for autonomous underwater drones.

The third section describes the developed system and the functionality of
all its components.

The conclusions present the results of the work carried out.

The work is presented on 92 pages and contains references to the list of
literary sources used.

Keywords: unmanned underwater vehicle (UUV), artificial intelligence

agent, deep learning, Sim-to-Real, jamming-resistant navigation.



