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dncepTaumoHHUAT Tpya € obCbaeH W HacoyeH 3a 3awmta  oT
KategpeHnus cbBeT Ha KaTegpa ZABTOMATN3ALNA HA
ENEKTPO3AOBMXKXBAHUATA® kbm dakyntet ABTOMATUKA Ha TY-
Codomsa Ha peaoBHO 3acedaHune, npoeseaeHo Ha 25.02.2026 .

MybnnyHata 3awuTa Ha OUCEePTaUMOHHUA Tpyd Le ce CbCTOM Ha
06.07.2026 r. ot 13:00 yaca B KoH(pepeHTHaTta 3ana Ha bWL Ha
TexHudeckn yHuepcuteT — Codoma Ha OTKPUTO 3acefaHuMe Ha Hay4yHOTO
Xypu, onpegeneHo cbe 3anosen OXK-5.2-27 ot 12.03.2026 r. Ha PekTopa
Ha TY-Codus B cbCTas:

1. dou. ao-p nux. Mapun Munkos Kunesckn — npeacenaren
2. [Npod. a-p nHx. Mnxo PayeB MuxoB — Hay4eH cekpeTap
3. Jou. a-p nHx. Hukona lNeoprues LLlakes

4. MNpodp. o-p nHx. AnekcaHgpa MeaHoBa [pbHYapoBa

5. Odou. a-p nux. JeHnc CadpunanHos Ymnkyptes

PeueH3eHTH:
1. ou. go-p viHx. MapnH Munkos Xunescku
2. dou. a-p nux. JeHnc CadpuanHos HmkypTtes

MaTtepuanute no 3awmtaTa ca Ha pasnofioXXEHNe Ha UHTepecyBalwmnTe
ce B kaHuenapuata Ha ®akyntet ABTOMATUKA Ha TY-Codoms, 6m0k Ne 2,
kabunHeT Ne 2340.

[ncepTaHTbT € peaoBeH AOKTOpaHT KbM kateapa ,ABTOMATU3ALINA
HA EJNIEKTPO3AOBWXBAHUATA® Ha dakynter ABTOMATUKA.
N3cnegBaHndaTa No gucepTtaunoHHata paspaboTka ca HanpaBeHu OT
aBTOpa, KaTo HAKOM OT TAX ca NOAKPENeHW OT HayyYyHoM3cnegoBaTerCKu
NPOEKTMW.

ABTOp: Mar. uHx. AHactacusa BnagumupoBHa CrnaBsoBa

3arnasue: CUCTEMU C ObJIBOKO OBYYEHUE MPU
ABTOHOMHNTE MOBUITHN POBOTHK

Tupax: 30 6pos

OtneyartaHo B UMK Ha TexHnyeckn yHnsepcuteT — Codus
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I. OBLLA XAPAKTEPUCTUKA HA ONCEPTAUNOHHUA TPY[

AKTyanHocT Ha npobnema

AKTyanHoCTTa Ha pasrnexnaHus B gucepTaumoHHna Tpya npobnem ce onpeaens ot
CTPEMUTENHOTO pasBUTUE HA aBTOHOMHUTE MOBGUNHKU pobotn (AMP) n HapacTBawarta
UM ponsa B WHAYCTpUSTa, NOrnctukaTta, obcnyxsawmte genHocTm m paboTtata B
puckoBn cpean. CbBpeMEHHUTE MPOM3BOACTBEHM UM CKNagoBM CUCTEMWU U3UCKBAT
BMCOKaA CTeneH Ha aBToOMaTM3auusi, MbBKABOCT M ©0e30nacHOCT, KOEeToO MocTaBs
NOBULLIEHN W3UCKBaHUS KbM MeToguTe 3a ynpasneHve u Hasurauus Ha AMP.
TpagnunoHHuTe noaxoau, 6asupaHM Ha npeaBapuTENHO  M3rpadeHn Kaptu U
Knacm4yeckn anropMTMun 3a nnaHuMpaHe Ha NbTd, NokKasBaT OorpaHudeHnsa npu paborta B
AWHAMUYHM U YacTMYHO Habnigaemu cpean, KbOeTo € Heobxoauma agjantaums B
peanHo BpeMe 1 yCTONYNBOCT KbM HECUTYPHOCT B CEH30PHUTE AaHHM.

B TO3M KOHTEKCT AbNOOKOTO obydeHMe C noAacunBaHe ce yTBbpXAaBa KaTo
NMepcrnekTMBEeH WHCTPYMEHT 3a peanusanpaHe Ha aBTOHOMHa Hasuraumsa ©6e3
npegBapuTenHo wuarpageHn kaptm u 6e3 3aBucumoct ot GPS wmHdpacTpykTypa.
Bbnpekn 3HauMTenHMs Hanpeabk B obnactrta octaBaT HepelleHn BbNPOoCK, CBbp3aHu
CbC CTaAbWMNHOCTTA M CKOPOCTTa Ha oby4veHue, edeKTMBHOCTTA Ha W3MON3BaHe Ha
HaTpynaHust onuT, n3bopa Ha NOAXOAsLWA apXUTEKTypa MU XunepnapameTpu, KakTo U C
npeHoca Ha obydYeHn MoAenu OT CUMYyNauMOHHA KbM peanHa cpega. Tesu npobnemu
NMaT KaKToO TEOPETUYHO, Taka N ICHO N3pa3eHO NPaKTUYECKO 3HaAYEeHMe.

[JonbnHuTenHa akTyanHOCT Ha u3cneaBaHeTo npuaaBa HeobxogumocTTa oT
pa3paboTBaHe Ha pPecypCHO edekTUBHU pelueHus, BasmpaHn Ha orpaHudeH Habop oT
ceH3opu, kaTo LIDAR n ogomeTpus, C uen HamansiBaHe Ha xapayepHarta CroXHOCT U
pasxoauTe 3a BHeapsiBaHe. Cb3gaBaHETO U eKcrnepuMeHTanHata Bepudukauus Ha
MOAeNn 3a aBTOHOMHa HaBurauusi B pearnHa cpega — nNpu MUHUManHa CeH3opHa
KOH(purypauma n 6e3 nsnonssaHe Ha KapTn — nNpeacraBnsgBa CbLECTBEH NPUHOC KbM
Pa3BUTMETO HA UHTENUIEHTHU, AOCTBMHU U NMPUNTOXKUMN aBTOHOMHU MOBUIHN CUCTEMU.

Llen Ha ANceptTaulMoHHUA TpyA, OCHOBHU 3ajayum U MetToAoM 3a
n3crneagBaHe

LlenTa Ha gucepTaumoHHus Tpya € Aa ce pa3paboTu cuctema 3a ynpasrieHue Ha
aBTOHOMHM MOBUNHM PoBOTU B YCNOBUS Ha HeonpeneneHocT, 6asnpaHa Ha Abnboko
obydyeHne c noacuneBaHe, KOATO rapaHtTupa 6esonacHa paboTa v npuTexasa ronsma
obobLaBalla cnocobHOCT Npu M3MNon3BaHe Ha orpaHMYeH Habop CEH30PHU AaHHW.

3agaunTe Ha OMcepTaLUMOHHUA TPy ca:

1. scnegBaHe W CcpaBHUTENEH aHanu3 Ha MpUIIoXKeHWeTo Ha Mogenu 3a
HaBurauus 4pe3 noaxopga obydeHme c nogcuneaHe (reinforcement learning, RL),
BKMOUYMTENHO TEXHUTE anropuTMUYHN 0COBEHOCTUN, NPEANUMCTBA U OrPaHUYEHMS.

2. N36op, obyyeHne M ekcrnepMMeHTanHa oueHka Ha anropuTbM 3a aBTOHOMHA
HaBuUrauusi CbobpasHo 3aroXeHNTe KpUTepun.

3. MacnegBaHe Ha cxoAMMoOCTTa Ha MNPeArioXeHust MOAXOA Mpu 3adadyn 3a
HaBurauus.

4, EKCI'IepVIMeHTaJ'IHO oueHdBaHe Ha NpUunoXmMMocCTTa Ha rnpeanoxXeHnte moaenn B
pearnHa cpea Cc ydactne Ha aBTOHOMEH MobuneH pO6OT.
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5. CuctemaTMyeH aHanmM3 Ha YCTOMYMMBOCTTA Ha MoAenuTe npu MNpeHoc OT
cumynauusi B peanHa gpusmnyecka cpega.

Hay4yHa HoBoOCT

NHTerpupaHeTo Ha apXUTEKTYPHU U anropuTMUYHM NogobpeHust B 0Oy4YeHMETO C
noacuneaHe (MogudmuMpaHa HEBPOHHA apxuUTeKkTypa, aganTMBHa CKOPOCT Ha
oby4eHne n onTMMU3NPaAHO M3Mon3BaHe Ha Oydep 3a onNuT) BOAM OO CTAaTUCTMYECKM
3HaUMMO nogobpeHMe Ha  CXOAMMOCTTa, CcTabunHocTTa W HaBUrauMoHHaTa
eEeKTMBHOCT Ha KoneceH aBTOHOMEH MobuneH poboT cnpsmo 6asoBata peanusaums
Ha anropuTbma KakTO B CMMynauuoHHa cpeda, Taka M B peanHa duaunyecka
NMoCTaHoBKa.

npaKTVI‘-IeCKa NMPUNOXNUMOCT

MpakTuyeckaTta NpUNOXMMOCT Ha pa3paboTeHaTa B AUCEPTALMOHHUSA Tpyd cuctema
ce n3passiBa BbB Bb3MOXHOCTTa 3a BHeApsIBaHE Ha aBTOHOMHa HaBuraumsi Ha MOOUIHM
poboTn B peanHn MHOyCTpuanHm u obcnyxealiy cpeau — CKragoBe, NPOU3BOACTBEHMU
Xxaneta, NOrmcTUYHM LIEHTPOBE M 3aKPUTU MPOCTPAHCTBA CbC CIOXHAa KOHUrypaumnsa —
6e3 HeobOXoOAMMOCT OT npeaBapuUTENHO U3rpageHn KapTu UM CKbMa CeH30pHa
WHgpacTpykTypa. [lpegnoxeHuaT nogxond, ©OasvpaH Ha Abnboko obyveHne c
nogcuneaHe U M3non3BaHe Ha orpaHuMyeH Habop ot ceH3opu (LIDAR n ogomeTpus),
Nno3BonisiBa Cb3daBaHe Ha NO-AOCTbMHW, adanTMBHU W MKOHOMUYECKN edEeKTUBHM
poboTnsnpaHu pelleHns, cnocobHn aa paboTaT B AMHAMUYHM U YaCTUYHO HEN3BECTHU
cpeaw, KaTo CbLEeBPEMEHHO Ce 3ana3Ba BUCOKa CTENeH Ha aBTOHOMHOCT, 6e3onacHocCT
N MbBKABOCT MPU U3NbJIHEHNE HA HAaBUTraLNOHHW 3adauyM.

AnpobGauus

Pesyntatnte ca anpobupaHu 4pe3 noeTanHa ekcnepumeHTanHa Bepudukaumsa B
cCMMyrnauMoHHa W peanHa cpega. [MbpBoHayanHO npegnoXeHuTe anropuTMuM ca
o0y4yeHn U1 CpaBHMTENHO aHanuaupaHu B [ABYMEpHa cpeda C M3Mnon3BaHe Ha
cumynaTopa Flatland. N3bpaH e Han-nogxogsuw, mogen 3a nocraBeHaTa 3agada un e
peanu3npaHo HEroBoTo 00Oy4eHMe B TPUM3MEPHA CMMYNauVoHHa cpeda C U3Mnon3BaHe
Ha ROS2 wn Gazebo, kboeTo CblWO Taka ca W3cneaBaHW BIIMAHMETO Ha
XuneprnapamMmeTpute, apxuTekTypata Ha HeBpOHHaTa wMpexa W  (QyHKumaTa Ha
Bb3HarpaxaeHne BbpXy CXOAMMOCTTa M edeKTUBHOCTTa Ha anroputbma. HanpaeeHu
ca anropuTMMYHM U apxXUTEKTYpHM nogobpeHus Ha GasoBus mogen. Bnocneacteue
6asoBMAT M nogobpeHuAT Mogenu ca BHEAPEeHM UM TecTBaHW BbPXY peanHa
poboTmsmpaHa nnatgopma Yahboom RDK X3, kaTto ca npoBedeHn nopeauua oOT
eKCNepMEHTU B 3aTBOPEHO MPOCTPAHCTBO C pasfnMyHa KOHdurypauus Ha
npenaTcTBuATa, OLEHEHW 4Ype3 MnokasaTenu KaTo ycneBaemMoCT npu AOCTUraHe Ha
uenTa, onTMMarnHoOCT Ha TpaekTopusTa 1 yCTOMYMBOCT NMpU NPEHOC OT CUMyNnauus KbM
pearnHa cpega.



My6nukauunm

OCHOBHUTE NOCTMXEHUA N pe3ynTaTn OT AUCepPTauMOHHNA TpyL ca nybnukyBaHu B
7 HayyHuM cTatuM, OT KomTo 4 ca wuHaekcupanHun B Scopus, 2 B IEEE, a 1 e
CaMOCTOSITESNTHO.

CTpyKkTypa n o6em Ha gucepTauMoOHHUA TpyA

AncepTaumoHHMAT Tpya e B o6em oT 151 cTpaHmum, KaTo BKNoYBa yBo4, 4 rnasu 3a
pewaBaHe Ha dQOpMynMpaHUTE OCHOBHM 3adadn, CMUCBbK Ha OCHOBHMUTE MPUHOCH,
CnMCbK Ha nybnukaumMmMTe NO AucepTauuaTa U nsnonsesaHa nutepatypa. LUntmnpanm ca
o6wo 105 nutepaTypHU M3TOYHULM, kKaTo 80 OT TAX ca Ha naTuHULA, a ocTaHanuTe ca
UHTepHeT agpecn. PaboTaTa BkntoyBa obwo 80 curypm n 23 tabnuumn. Homepauusata
Ha rnaBuTe, TOMKUTE, hurypute n Tabnmumte B aBTopedepaTa CbOTBETCTBAT Ha TE3N B
AvcepTaumoHHUA TpyA.



Il. CbABbPXXAHUE HA AUCEPTALUMNOHHUA TPY[

asa 1. Abn60KO MalWMHHO 06yyeHne npu aBTOHOMHU MOBUNHM
po60TK — NpuNOKEHME, AKTYa/IHO CbCTOAHUE U NPOobaemu

1.1 [punoxeHue Ha ABNOGOKOTO MAaLUMHHO OOyYeHUe NpyM aBTOHOMHU MOOUITHU
poboTtun

HanpaBeH 0630p Ha npunaraHeTo Ha AbNOOKOTO MalMHHO o0byyeHne B
aBTOHOMHW MOOMWMHM pPoBOTKU, KaTO ca OMMCaHW OCHOBHWUTE W3MNON3BaHW MeToan —
KOHBOJSTIOLIMOHHM HEBPOHHU MPEXMW, PEKYPEHTHU HEBPOHHW Mpexm n obyyvyeHue c
noacuneBaHe 3a B3eMaHe Ha pelleHus, ynpaeneHve un HaBurauus. [NpepncraBeHa e
Knacudukaumss Ha aBTOHOMHM MOOUMHM poBOTU crnoped cpedaTa Ha OBWXKEHUe —
Ha3eMHW, Bb3AYLIHM U BOOHWN, KAaTO € aKUEHTMPaHO BbpXY MHTErpaumsata Ha CEH30pPHU
CUCTEMU N anropuTMK 3a ynpasrneHue, 6asupaHn Bbpxy ObSIOOKO MalMHHO 0by4veHue,
Nno3BOMNsABaLLM aBTOHOMHA paboTa B CIOXHU 1 AUHAMWUYHW CPeaM.

1.2. TMpeaumcTBa Ha HaBUrauusaTa 6e3 npegBapuTesniHo usrpageHu kaptm n GPS,
6a3upaHa Ha oby4yeHue ¢ noacunBaHe

MHTerpaumaTa Ha meTofa Ha obyyeHue C noacunBaHe 3HAYMTENHO paswmpsiBa
Bb3MOXHOCTUTE Ha MOOMNHUTE pobOTKM, KaTo MM NpeBpbLLA OT U3MBITHATENN HA NPOCTU
NnoBTapsilUM ce 3adavv B WUHTENUreHTHW, CaMOCTOATENHM U KonabopaTUBHM CUCTEMW.
OcobeHo nepcnekTMBHa € aBTOHOMHaTa HaBuraumsa B AMHAMUYHU U HEMO3HATU cpeaw,
KbAEeTo TpaauMuUMOHHUTE MeToau kato SLAM u anroputmuTe 3a nnaHMpaHe Ha NbTA
MoraT ga ce okaxaTt HeedekTnBHu. OBy4eHMeTo ¢ nogcunBaHe No3BOfsABa HaBUraums
0e3 npegBaputenHo wusrpageHn kaptm unm GPS, kato areHTbT ce agantmpa
ANHaMUNYHO KbM NPENSTCTBMA U NMPOMEHM B cpeaara, U3non3Bamnkm orpaHnydeH Habop ot
CEH30pU M NnokanHu HabnwgeHus. To3n nogxon ocurypsiea aganTMBHOCT, YCTOMYMBOCT
Ha LWYM W Bb3MOXHOCTM 3a W3MNON3BaHE HAa CEH30PHWUTE AaHHW B YCNOBUA Ha
HECUIypPHOCT, HamansBa 3aBUCMMOCTTaA OT BbHLUHA WMHAPACTPYKTypa M xapayepHarta
CMOXHOCT W npedocTaBs [IbBKaBa W pecypcHO edekTMBHaA antepHaTuBa Ha
KOHBEHLMOHANMHUTE HaBUrauMoOHHM METOAW, KOETO noadepTaBa 3HaA4YMMOCTTa My 3a
Hay4HU 1 NPaAKTUYECKM NPUITOXKEHUS.

1.3. O6y4eHune c noacuneaHe — aecpbMHULNA, NPeaAMMCTBaA U cTpaTerun 3a
oby4yeHue

OOyyeHuneTo € nogcunBaHe No3BosfisiBa aBTOHOMHO NpuaobuBaHe Ha oNnTUMarnHo
noBedeHVe 4Ype3 UTepaTUBHO B3aMMOAEWCTBME C OKonHaTta cpepa. lloaxoobT ce
Ga3npa BbpXy Cb3daBaHETO Ha areHTW, KOMTO Ce yvaT OT OKoNnHata cpefa, Kato
B3aMMOZEeNcTBaT C Hed 4Ype3 npobu u rpewkn M nofyvyaBaT Bb3HArpaxaeHue
(monoXxumTenHo wunu oTpuuaTenHo) Kato yHukanHa obpaTHa Bpb3ka. AKUeHTMpa ce
BbPXY TPUTE OCHOBHM CTpaTernm 3a obyyeHne: AUPEKTHU, MHOUPEKTHU N XMOPUIHW.

1.4. CwobcTaBsiHe Ha PYHKUUATA HA Bb3HarpaxaeHue

lMpencraBeHo e 3Ha4YeHNEeTO Ha PYHKUMATA Ha Bb3HarpaxaeHue 3a oby4yeHneTo
Ha areHTn ¢ Abnboko obyveHne ¢ nogcunBaHe Npu HaBuraums Ha aBTOHOMHU MOBUITHM
poboTn, KaTo ca ONUcaH OCHOBHUTE NPUHLMMNA 38 HEMHOTO NPOEKTMPaHe — MOOLLPEHNS
3a npubnuxasaHe KbM LenTa, AOCTUraHe Ha uenesaTa No3vuuMs U HamupaHe Ha no-
KpaTbK MbT, KAKTO N Haka3aHus Npu cONbCbK C NPENSATCTBUA U U3TUYAHE Ha BPEMEBUTE
orpaHv4yeHus 3a u3nbrHeHe Ha 3agadara. [locoveHu ca JOMbIHUTENHM NOXBATU KaTo
opueHTaunsa CnpsaMo uernTa, Bpeme 3a JOCTUraHe M NnaBHOCT Ha ABUMXEHUETO, KakTo U
n3nons3saHe Ha YoBeLllka obpaTHa Bpb3ka 3a 0by4eHne Ha XernaHo nosefeHue.
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1.5. Mopxoam 3a oOy4vyeHMe C noacusiBaHe B 3ajayata 3a HaBurauus Ha
aBTOHOMHU MOOWUITHM pPO6OTH

PasrnegaHn ca HAKOMKO NepcnekTMBHM noaxoga 3a obyyeHue C nopcunBaHe.
Mpn aHannM3 Ha NOCOYEHUTE MOAENM CE M3MNOS3Ba HAbOP OT TEXHUYECKN N NMPAKTUYECKM
KpuTepumn, KOMTo oTpassBaT OrpaHUYeHNsATa Ha peanHaTa cuctema, cpegara u uenute
Ha 3agadvaTa, KaTo:

1. CnoxHOCT M OuMHaMmka Ha cpegaTa, BKMNHOYBALLA HanMuMeTo Ha 4YacTudyHa
HabniogaemocT B cpegata M AvHammnyHuM o6ektn, wym B ceH3opuTe (LIDAR,
ogomeTpus);

2. CrtabunHocT Ha oby4yeHneTo, onMcBalla YyBCTBMTENHOCTTA Ha anropyutbMa KbM

HEeyCTOMYMBM aKTyanu3aumm Ha napameTpuTe;

N3uncnurtenHn pecypcu, Heobxoanmm 3a obydeHne Ha anropuTMuTe;

CKopoCT Ha cxoaMmMmocT (Bpeme 3a obyyeHue), oTymTawa HeobxogmmocTTa OT
anroputMm ¢ 6bp3a  CXOOMMOCT nNpU  CUMYyNauun, W3MCKBaLWM TOnemu
N3YNCIIUTENHN PECYPCU, NI NPU EKCNEPUMEHTU C hr3nyeckn cpeau;

5. EdekTMBHOCT Ha M3non3BaHETO Ha onuTa, onpeaensiwa 6posi B3aMmoaencTens
CbC cpeaaTta 3a BCeKW anropuTbm;

PobacTtHocT n 6e3onacHocT;

UyBCTBUTENMHOCT Ha anropMTbMa KbM HaCTPOMBAHETO Ha XMnepnapameTpu;
MpnnoXxmMmocT KbM MOCTaBeHaTa 3agava — HaBurauusi B cpega C Hanuudme Ha
npenaTcTBuS.

> w
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1.6. O6GOOWeH aHanu3 Ha anropuTMuTe M npoérneMu npu u3Non3BaHe Ha
noaxoaa DRL 3a pewaBaHe Ha 3agavaTa 3a HaBMrauus

MooxoabT Ha obyyeHne cC nogcunBaHe NpeaocTaBA MOLLEH WMHCTPYMEHT 3a
aBTOHOMHAa HaBuraumsa Ha MOOGMAHM pobOTM B CROXHM W  OUHAMUYHW  Cpeawn,
Nno3BonsiBavkn aganTuUBHO nosefeHne 6e3 npegsaputentHn kaptm unn GPS. OcHoBHUTE
My OrpaHMYeHns ca AbNroTo Bpeme 3a obyyeHune, BUCOKUTE U3HUCIINTENHN U3NCKBaAHNS
N 4YyBCTBUTENHOCTTA KbM XxunepnapameTpu. Anroputmute, 6asmpaHn Ha nonuTuka
(kato PPO n TRPO), ce oTtnuyaBaT C no-rofigsma CTabunHOCT, e(EeKTUBHOCT U
NPUNOXUMOCT B pearnHn cpeau B CpaBHEHWe C anroputmu, GasmpaHm Ha CTOMHOCT
(kato DQN). Bbnpeku ToBa ocTaBaT HepelwleHu peaumua CbLeCTBEHN Npobnemn: H1UCka
eEeKTMBHOCT Ha M3MNON3BaHETO Ha onuTa M GaBHA CXOOUMOCT MPU HAKOU anropuTMu;
CWMHaA 3aBMCMMOCT OT cneunduyHo aeduHuMpaHa QYHKUMA Ha Bb3HarpaxgeHue;
orpaHnyeHa CbNOCTaBUMOCT MeXAy PasnunyHu n3cneaBaHus; HegoCTaTbyYyHO U3cnenBaH
NpeHoc OT CUMynaumoHHa KbM peanHa cpeda npyM M3MON3BaHe Ha MUHUMMarnHa
CeH30pHa KoHdurypaums n 6e3 npegBapuTenHo nsrpageHn kapTu.

LUen v 3agaun

Bb3 ocHOoBa Ha ropemsnoxeHoTo, uenTa Ha AMCepTauuMoHHMSA Tpyd € Ja ce
pa3paboTu cucTemMa 3a ynpaBfeHMe Ha aBTOHOMHW MOOGUMAHW pPoBOTM B YCNOBMS Ha
HeonpegeneHocT, 6a3npaHa Ha Abnboko obyvyeHne C NOACWMBaHe, KOATO rapaHTupa
6e3onacHa paboTa n nputexasa ronsima obobuiasaiia cnocobGHOCT Npu N3MNonN3BaHe Ha
orpaHn4yeH Habop CEH30PHN JAHHW.

dopmynupaHn ca crnegHUTE OCHOBHM 3afayun: M3BbPLUIBAHE Ha CpaBHUTENEH
aHanu3 Ha noaxo4sdln anropuTMuM 3a HaBurauusi; n3dop M UMMNIeMeHTauust Ha
nogxodsila cumyrnaumMoHHa cpefa; pa3paboTBaHe M HaAcTporMBaHE Ha (PyHKUMA Ha
Bb3HarpaxgaeHve; OonTuMuM3aumsa Ha apxuTekTypata W XuneprnapameTpute Ha
HEBPOHHaTa Mpexa; obydyeHMe u cpaBHUTENHa oOueHka Ha mogenute B 2D um 3D
cuMmynaums; ekcnepumMeHTanHa Bepuukaumsa Ha nogodpeHna mMogen B pearnHa cpeja
C aHanm3 Ha HerosaTa MPUIOXXMMOCT N YCTONYMBOCT.
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lasa 2. U360p Ha noaxoaAawm moaenm 3a Hasurauma Ha AMP

2.1 OnucaHue 1 UMNeMeHTauus Ha CUMynauMoHHaTa cpeaa

MNMpeaocraBeHa e peanu3auuMss Ha MeToda Ha obydyeHne C nogcunBaHe 3a
aBTOHOMHaA HaBuraumsa Ha MobuneH koneceH poboT B ABYyMepHa CUMynaunoHHa cpeaa
Flatland ¢ wHTerpaums c¢ ROS2. CumynatopbT noggbpxa @usnka, 4dacTudHa
HabN4aeMOCT M Bb3NpuUATUE OT MbPBO NMLE, NO3BOMsABaNKkn 6bp30 NpoTOTUNMPAHE U
TeCTBaHe Ha anropuTMu C u3nona3saHe Ha 6mMbnmoTekn OT nporpamHus esuk Python.
OnucaHa e apxutektypata Ha ROS2 ¢ Bb3nu, Temu, ycnyri, 4ENCTBUS N NapamMeTpu,
kakto u tf2 3a TpaHcopmaumm Mexagy KoopauHaTHUTE CcucTeMu. AreHTbT e
npeacrtaBeH KaTo andepeHumaneH asykoneceH mobuneH pobot, obopyasaH ¢ LIDAR
ceH3op. 3agavarta Ha poboTa € HamupaHe Ha Han-6bp3 1 6e3onaceH NbT 4O UenTa B
3aTBOPEHO MpocTpaHCcTBO. [ledmHupaHa e pyHKUMATa Ha Bb3HarpaxgeHwe no TakbB
Ha4yuH, Ye aa Hacbpym 6bP30 1 GesonacHo NpubnmxaBaHe Ha poboTa KbM LenTa.

2.2. OOy4yeHme M aHanNu3 Ha MoAenu 3a HaBuraums

OnucaHn ca CTPYKTypuTe, apXUTEKTypuTe€ Ha HEBPOHHUTE MpPEXM U
N3Non3BaHMTE XuneprnapameTpu, WU3nNons3BaHM 3a obyyeHne Ha 4 anropuTbma no
metoga ¢ noacunesaHe: DQN, A2C, TRPO u PPO. O6y4yeHneTto Ha BCEKM OT
nocoYeHMTe MOLENM Ce OCblLUeCcTBABa B e4Ha W Cblla 3aTBOPEHa CUMyrauMoHHa
cpeda C HanuuMe Ha NpensTCTBMA. 3a aHanmsa Ha ycneBaemocCTTa Ha Moaenute 3a
peluaBaHe Ha NocTaBeHaTa 3agava ca M3non3BaHn CriegHUTe METPUKN:

1. KymynaTMBHO Bb3HarpaxgeHue 3a enu3on — uaMepBa o0O6LOTO HaTpynaHo
Bb3HarpaxgeHue 3a BCEKM enu3od W MokasBa Hanpeobka Ha areHTa npu
Hay4YyaBaHeTO Ha onTUManHaTa cTpaTerus.

2. bpo cTbnkm 3a pgocTuraHe Ha UenTa — oOueHsiBa edEeKTUBHOCTTa Ha
HaBurauusTa U BpeMETO 3a U3NbJIHEHME Ha 3ajadvaTta, kKaTo HamansiBaHETO Ha
Oposi CTbMKM NOKa3Ba No-edPeKTUBHO NOBEAEHME.

3. KpainHu cbCcTosiHMAa Ha enusoguTte — Knacuduumpar ce Ha YCreLwHO 3aBbpLleHun
ennu3oamn, ennu3oan cbc coONbCHK C NPenAaTCTBUE UMK N3TUYaHE HaA BPEMETO, KaTo
Taka ce oueHsiBa 6€30MacHOCTTa 1 HageXaHoCTTa Ha 0by4YeHneTo.

4. TTpouUEeHT yCnewHo 3aBbpLUEHN enu3oan Npu TeCcTBaHe — M3MepBa TOYHOCTTA U
cTabumnHOCTTa Ha HaydyeHaTa MonMTMKa NO BpPeEME Ha TeCTOoBU uTepauuu
(Hanpumep 90% ycnex npu PPO).

5. Oucnepcmna Ha KymMynaTMBHOTO Bb3HarpaxgeHue — oueHsiBa CTabunHoctTa u
nocrniegoBaTeniHoCTTa Ha pesyntatute Mexay enu3oguTte, KaTo Mo-marnkaTta
aucnepcus nokassa No-HageXxaoeH moaen.

2.3 0O6o06LeH aHanu3 Ha Nosy4YeHUTe pe3ynTaTu

MpeactaBeH e 0606LWEH CTAaTUCTUYECKM aHanmM3 Ha anropuTMuTe cbobpasHo
CKOpOCTT@ Ha CXOAMMOCT, MNOMyYeHUTe Bb3HarpaxgeHus, NPOAbIKUTENHOCTTa Ha
enM3oguTe no BpeMe Ha oby4yeHue, KakToO U MapamMeTpuUyHM OLIEHKM 3a BCEKU
anroputbm (Tabn. 12).

Tabn. 1. Ctatnctmyeckn aHanua Ha nonyveHn pesyntaTtm

CTaTnctmnyecka
3HaYMMOCT

MoKkasaTten DQN A2C TRPO PPO




CKOpOCT Ha cxoamMmocT

2814 1712 676 392 -
(ennzoam)

MNopobpeHune Ha
CXO4MMOCTTa CNPAMO - 39% 61% 42% p<0.01
npeaxoaHUa anropuTbm

YcnewHo 3aBbpLlleHn

enmsoan (%) 10 20 80 a0 -
Cpearo -180.8 -119.2 150.4 170.6 p<0.05
Bb3HarpakaeHue
CTaHOapTHO OTK/IOHEHME 45.4 423 3528 362.1 )
Ha Bb3HarpaxageHuneto
CpeaeH 6poii

17.3 187.2 127.9 108.3 p <0.05
cTbnKkKu/enmnsop,
CTaHAapTHO OTKOHEHWe 20.5 415 574 c9 7 i

Ha bpos CTbMNKK

Pesyntatute nokasBaT SICHO Wu3paseHO noaobpeHwe B nNpeacTaBsAHETO Ha
anropuTMuTE NpU NPeEMmMHaBaHe OT NOAXOAM, OCHOBAHW Ha CTOMHOCTU U aKTbOP-KPUTUK
(DQN, A2C), kbM ocHoBaHu Ha nonuTtukmn (TRPO, PPO). CkopocTTa Ha CxoguMMocCT ce
yBenuyasa nocnegosatenHo ot DQN kbm PPO, kato Opost Ha Heobxoanmute
ennsoan Hamansea ¢ 86% ot 2814 npu DQN go 392 npu PPO. YcneBaemocTtTa npu
3aBbpLUBaHe Ha enuaoauTe HapacTBa ps3ko: oT 10 — 20% npu DQN n A2C go 80% npwu
TRPO u 90% npu PPO, koeto nokasBa no-gobpa ctaburnHOCT M HageXxaHOCT Ha
noaxogute, 6asmMpaHn Ha NONNTUKMN.

2.4 WNsBoamu

[MpoBeoeHUAT B HacTosLLaTa rnasa CpaBHUTENEH aHanm3 Ha anroputmute DQN,
A2C, TRPO n PPO B gBymepHa cumynauusi nossosisiBa QOpMynMpaHeTo Ha SICHO
0BOCHOBaHM Hay4yHM U3BOAM OTHOCHO THAXHATa MPUMOXMMOCT Mpu 3ajadata 3a
aBTOHOMHA HaBurauusa. 1acnegsaHeTo nokasea, Ye NoaxoabT, OCHOBaAH Ha CTOMHOCTH,
DQN pgemoHcTpupa orpaHvyeHa eeKTMBHOCT, u3paseHa B 6GaBHa CXOAMMOCT, HUCKA
ycneBaemMoCT W OTpuuaTenHM CTOMHOCTM Ha CPEeOHOTO Bb3HarpaxneHue, KOeTo ro
npaBn HENOAXOAsIL, 32 pellaBaHe Ha CNOXHWM HAaBUraLWMOHHM 3a4a4n B HENPEKbCHATU U
ANHaMn4Hu cpeaun. lNogxoauTte, OCHOBAHW Ha NOMUTUKN U akTbop-KpUTUK, A2C, TRPO n
PPO nokasBatr 3HauuTenHo no-gobpo npeacraBAHe MO BCUYKM  pasrnexagaHu
nokasatenu. B yactHocT, npn TRPO n PPO ce HabniogaBa CbLLUECTBEHO YyCKOpsSiIBAHE
Ha oby4yeHMeTo, PSA3KO MNOBMLLABAHE Ha MNPOLEHTA YCMewHO 3aBbpLUEHN enu3oan u
3HaYUTESTHO MO-BUCOKM CTOMHOCTM Ha CpeaHOTO Bb3HarpaxaeHue. Toa noTBbpxaaBa
TEOpPEeTMYHUTE NPeauMCTBa Ha AMpEeKTHaTa ONTMMKU3auMs Ha NonuTuMKaTa npu 3agaudu,
n3nckealuy ctabunHo n nocnegoBaTenHo NoBeAeHme.

YcTaHoBeHO e, 4Ye anroputbMbT PPO aemoHcTpupa Han-gobbp GanaHc mexay
CKOPOCT Ha CXOOMMOCT, CTabunHoct Ha OOy4yeHMETO M KayYecTBO Ha MonydeHaTa
HaBuraunoHHa nonutuka. B cpasHeHne ¢ TRPO, PPO noctura cxogHun unu no-godpu
pesynTtaTi Npy 3HAaYNTESTHO NO-HUCKA anropuTMUYHA CIIOXHOCT U MO-NIeCHa HACTPOKKa,
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KOeTO ro npaBuv MNO-MOAXOASALL 3a MpakTMYecka peanu3aums W nocrensallo
paswunpsasaHe. Ha 6asaTta Ha Te3n HaydHu mnssoam anroputbmMbT PPO e n3bpaH kaTto
0a3oB MeToq 3a No-HaTaTblUHMTE M3CneaBaHWA, NPeAcTaBeHU B crefBallaTa rnaea.
Toan n3bop € MOTUBMPAH KaKTO OT eKCnepuMmeHTanHuTe pesynTtatm, Taka u oT
Bb3MOXHOCTTa anroputbMbT Aa Obae ePekTUBHO HaarpaxaaH 4pes3 apXUTEKTYPHU U
anropuTMuYHM nogobpeHnst ¢ uen nosulaBaHe Ha eEKTMBHOCTTA U YyCTOMYMBOCTTA
Ha aBTOHOMHAaTa HaBurauus.

MapanenHo ¢ n3dopa Ha anropuTbM aHanmM3bT 0O0OCHOBaBa M M3MON3BAHETO Ha
ABYMEepHa CUMYynaunoHHa cpeda 3a LenuTe Ha HacTosAWoTO uacneasaHe. [isymepHaTta
cMMmynauvsi nossonsiBa eqeKkTMBHO MOENMpaHe Ha OCHOBHWUTE TPYAHOCTU npu
HaBuraumss — nsbsareaHe Ha NpPenATCTBUA, NNAHUPAHE Ha TPAEKTOpUM U OOCTUraHe Ha
uen — Npu 3Ha4YNTENHO MO-HUCKA U3YUCTIUTENHA CMOXHOCT B CPaBHEHWE C TPUMEPHUTE
cpean. ToBa cb3gaBa YCroOBMS 3a MNPOBEXOAaHe Ha CUCTEMATUYHU EeKCNePUMEHTH,
O6bp3a utepaumsi Ha Moaenn n OBEKTMBHO CpaBHEHME Ha Pa3fIMYHU anropUTMUYHK
KoHGurypaumm, 6e3 3aryba Ha obobLiaBalla cuna Ha nonyvyeHuTe pesynrtaTu.

B cnepBawata rmaBa 3 e onuMcaHO WMMMEMEHTMPAHETO Ha [JoKaszaHO Hau-
edektmBHua mogen PPO B TpumepHa cumynaumata c uHTerpypaHe Ha ROS2.
dyHKUMOHANHOCTTAa Ha Moaena e Wu3uano peanuaupaHa 6e3 ydyacTme Ha
cnomarartenHaTta 6ubnuoteka SB3, 3a ga ce ocurypaT Bb3MOXHOCTU 3a MakCMMariHo
cBobOOHO MoauduuMpaHe Ha CTpykTypaTa u napametpute. C uen nonyyaBaHe Ha
peannuctuyHa cumynauusi, Bb3MOXHO Han-6nmska [0 YycnoBusTa, U3NYECKUTE
XapaKkTEPUCTUKN U CEeH3OPHUTE [OaHHW Ha pearnHoTo YCTPOMUCTBO, ce u3nonssa u 3D
mogen Ha pobota upes URDF onucanne. ToBa nognomara nocnensaiioto
WHTerpupaHe Ha obyyeHus RL mogen B mMobunHa 4-konecHa nnatgopma Yahboom
RDK X3 c mekaHym Konena, KOSTO e m3bpaHa 3a uenute Ha eKCnepuMeHTanHoTo
nacnenBaHe B pearnHa dousndecka cpega.

laea 3. O6byuyeHune Ha mogena 3a HaBUrauusa B TPUU3MeEpHa
cMMynauuoHHa cpepa

3.1 OnucaHue Ha 3D cumynatopa Gazebo n xapakTepMCTUKN Ha U3NON3BaHUSA
codTyep

lMpeactaseHo e onucaHve Ha cumynaTtopa Gazebo 3a 3D cumynauus Ha
obyyeHne Ha poboT 4pe3 nogxoda C MNoAcunBaHe, KaTo ce MnoayvyepTaHn Herosute
Bb3MOXXHOCTW 3a BMCOKOKAYeCTBEHa hm3nyecka cumynaums, nogapbxka Ha pasnnyHu
CeH30pn W 3agBwkBaHua, uHTerpauma ¢ ROS2 wn nporpamupaHe Ha Python.
MpenocraBeHn ca CcOPTYEepHUTE KOMMOHEHTM WU  OBUBIMOTEKWM, M3Non3BaHM 3a
KOH(purypmpaHe n obydeHme Ha pobota (Yahboom RDK X3 ¢ mekaHym konena wu
LiDAR), skntountenHo PyTorch, Numpy, Tensorboard u rclpy, kakto n ponsta Ha RViz
3a BM3yanuaauumsi U1 OTCTPaHsIBaHe Ha rpeLuku.

3.2 loproTtoBKa Ha cMMynauuoHHaTa cpea

OnucaHa e uanocTtHata nogrotoBka WM KoHgurypauma Ha 3D cumynaumoHHa
cpeda 3a aBTOHOMEH MobuneH pobot B Gazebo n ROS2, koaTo BKNouBa cregHuTe
CTBIKN:

1. Busyanusauma Ha poboTa — cb3gaBaHe Ha 3D mogen Ha Yahboom RDK X3 upes
URDF dannose, geduHmpaHe Ha Bb3NM U cTaBu, UHTerpauma c¢ RViz un
koHBepTupaHe B SDF 3a Gazebo.

2. locTposiBaHe Ha CUMMynMpaHO 3aTBOPEHO MPOCTPAHCTBO — Cb3[aBaHe Ha
pasnu4Hu KOHUrypauum ¢ pasmepu 1 NpensaTcTems 3a obyyeHne Ha AMP.
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3. PewaBaHe Ha npobnemu npu cumynaumsita — KOPEKUUS Ha BuU3yanusauus,
LBeTOoBe, MO3NLMM Ha KaMepu 1 HENOABUXKHM 3BEHa, 3a [a CbBMNagaT C pearnHus

po6oT.

4. YnpasneHue Ha aBTOHOMEH MOOMMeH poboT B cumynauus — K3nonsBaHe Ha
NPUCTaBKN 3a ynpaelieHMe Ha konenaTa, nybnukyBaHe Ha gaHHu oT LiDAR wu
apyru ceHsopu ypes ROS2.

5. losnunoHnpaHe Ha uen u aBTOHOMEH MobuneH poboT B cumynauus 4dpes
CnyyYyanHo 3afiaBaHe Ha HavanHu nosuuum Ha poboTta u uenTta B cumynauusarta c
uen Hay4YaBaHe Ha afanTUBHU HaBUrauMOHHW NMOSIUTUKKM OT areHTa.

Ha &ur. 47 e npeactaBeHa cxema Ha peanuavpaHata KOMYHUKaUus C
n3non3BaHe Ha NpucTaBKaTa 3a ynpasneHune Ha poboTta B cumynaTtopa Gazebo.

HAKOMNKO
HeoDpatoTeHH
Paina URDF/xacro

e0WHWYEH
obpadoTen TpaHcopmaLu TF'IMa
xacro aiin URDF Ha cTasuTe it
Tz=E [aHHn oT
robot_state_publisher |\ yrpDF
Tema Tema
/joint_states Irobot_description
Gazebo Aanmaau,ma
NPUCTAEBKA 3a ynpaanewe]
TeMa Iibgazebo_rosglanar_muveJ , ]
Jjemd_vel . /odom -> base_link
3JanABKa napameTpi
33 napamMeTpu Ha
Ha CHOPOCTTA cropocTTa
CUMYNUPaH
AMP

dur. 1. Cxema Ha ynpaBneH1MeTo Ha poboTa B cumynaTtopa Gazebo.

3.3 Cwb3paBaHe Ha cucTema 3a oby4vyeHue no metoga RL
MpouecbT Ha obydeHne ¢ meToga RL e kOMnnekceH, B YacTHOCT oby4yeHue no
meTona PPO Bknto4yBa crnegHUTe CTbMKU:

1.
2.

3.

NHnumanuanpaHe Ha cpegaTta M areHTa ¢ BKIYEHN XuneprnapaMmeTpu.
3agaBaHe Ha HayanHO CbCTOsIHME Ha cpejaTa 3a MonyyYyaBaHe Ha
MbpBOHaYanHW HabnaeHs.

3a Bcsika MTepaumst Ha akTyanmampaHeTo:

a) cbbupaHe Ha 4aHHM 3a TPAEKTOpMUTE Ha NPUOBMXKBAHE HA areHTa;

0) n3uncnsiBaHe Ha Bb3HArpaXXa4eHMEeTo 3a BCsika CTbMNKa M npeaMmcreaTta
Ha CbCTOSHUATA;

B) HEKONKOKpaTHO akTyanuavpaHe Ha QyHKUMMTE Ha nonutukata u
CTOMHOCTUTE CNPSIMO BXOOHUTE OAHHWU;

r) 3ana3BaHe Ha CbOTBETHUTE MoOKasaTenu C uen npocrnegsiBaHe Ha
Hanpegbka Ha oOy4YeHMeTOo, KakTo WU Hau-gobpute CTOMHOCTU Ha
TernaTta Ha Mogena, nonyyYeHun gocera.

HedvHnpaHa e pyHKUNA Ha Bb3HarpaXxgeHMeTo 3a LenvTe Ha HaBuraumaTa Bb3
OCHOBa Ha nogkpena Ha OeucTBuATa, Bodewm Ao m3bop Ha kbca u BesonacHa
TpaeKkTopus 3a JOoCTuUraHe Ao uenta.
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3.4 OO6yyeHue Ha moaen 3a HaBuraumsa no metoga PPO

MpoBegeHa e ekcnepuMMeHTanHa HacTpovka W uHa onTuMM3auust Ha
XuneprnapamMmeTpute U apxmtektypaTta Ha mogena PPO 3a no-ctabunHo n egekTmBHO
obyvyeHne B cpega Ha RL. Tlo-koHKpeTHO ca uAeHTUPUUMPAHU  KIKOYOBU
XxunepnapamMeTpu KaTo CKOpPOCT Ha oby4vyeHue, pasMmep Ha naptvgaTa, 6pon CTbMkM 3a
cbbupaHe Ha paaHHWM, OpoM enoxu Ha onTUMM3auns, KoemUUMEHT Ha EeHTPonuS,
KoepmumneHT 3a CTOMHOCTHaTa (PyHKUMS, 0OXBaT Ha OTpsA3BaAHE Ha nonuMTMKaTa wu
HopmanuampaHe Ha npegumcTtBata. C uen onpegensiHe Ha TAXHOTO BIIMSIHUE BbPXY
edeKTMBHOCTTa Ha o0byyeHMeTo M CcTabunHOCTTa Ha anropuTbma ca npoBeaeHU
eKCNEPUMEHTN C pPas3fMYHU CTOMHOCTM Ha XxunepnapameTtpute. Pesyntatute ca
aHanu3npaHu 4Ypes CpaBHEHME Ha KyMynaTMBHOTO Bb3HarpaXgeHue 3a nocnegHute
100 enun3oga wn nokasBaT BfMSIHMETO Ha CKOPOCTTa Ha obyyeHwe, pasmepa Ha
naptvgarta n 6pos HEBPOHW B CKPUTUTE CINOEBE BbPXYy KAYECTBOTO Ha OOy4YeHMeTo.
[lokasaHo e, Yye 3a nocTaBeHaTa 3agava e uenecbobpasHo fa ce uanonseart rno-6asHa
CKOPOCT Ha 0by4yeHue, No-ronsam pasMmep Ha napTuamTe, No-marnko enoxm Ha utepauus
N no-nnuTtka apxmtektypa. Cnea MHOrobponiHM ekcnepumMeHTn ca m3bpaHu crnegHute
xunepnapameTpu 3a obyyeHne Ha mogena PPO 3a nageHaTa 3agava:

Tabn. 15. XunepnapameTpu, msnonssaHu 3a oOyyvyeHne Ha mogena PPO B 3D
cMMynauMoHHa cpega

XunepnapameTbp CTomnHocCT
Bpon cTbnKK 4096
Pasmep Ha naptugaTa 512
Bpon enoxu 3
O6xBaT Ha OTpsi3BaHe 0.2
KoenumeHT Ha eHTponus 0.001
KoedumumeHT Ha 06obLyeHa oueHka Ha npegumcTearta 0.99
CkopocT Ha 0by4yeHune 0.003
HopmanusnpaHe Ha oueHKaTa Ha npegumMmcTearta True
KoedunumeHT Ha cTonHOCT True
Llenesun nokasaten Ha Kynbak-Jlanbnep 0.015

XapaktepucTukuTe Ha nokasatenute Ha obydyeHata HM c mogen PPO c Bcuykn
NOCOYEHN XnnepnapamMeTpu ca nokasaHu Ha owur. 2.
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dur. 2. Hanpegbk Ha xapaktepuctukmte Ha OHM no Bpeme Ha obyyeHueTo: a)
KyMyrnaTMBHO Bb3HarpaxaeHue, ocpegHeHo 3a nocnegHute 100 enusopna; 6) cpeaHa
EeHTPONusa Ha pasnpefeneHueTo Ha AencTBuATa Ha akTbopa; B) (PyHKUMS Ha 3arybute
Ha akTbopa; ) dyHKUMA Ha 3arybute Ha KpUTUKa; A) KoedUuueHT Ha obscHeHa
Ancnepcus Ha KpuUTUKa; €) MspKa 3a AMBepreHumsa Ha HosaTa nonutuka Ha Kynbak-
Jlanbnep; ) NPOLEHTHO CBLOTHOLLEHWE HA OTPsA3aHUTE BEPOATHOCTU 3a OENCTBUSA
cnpsiMo obwmsa 6pont Ha AencTBuATa B eAHa naptnaa; 3) NpouUeHTHO CbOTHOLIEHME Ha
OBHOBEHMTE NOMUTUKN CNPAMO o6LWnA nm 6pon B egHa napTuaa.

AreHTbT noctura ontumanHo nosegeHne ¢ 90% TOYHOCT Mexay obyyuTenHuTe
ntepaumm crieg 9 000 enu3oga, KaTto cpegHata CTOMHOCT Ha KyMyrnaTUBHOTO
Bb3HarpaxaeHue gobnvxkasa 45.
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3.4.3 lpomsiHa Ha apxuTekTypaTa Ha IHM

C uen nogobpsiBaHe Ha ckopocTTa Ha obyyeHue no metoga PPO e HanpaBeHo
obHoBsiIBaHe Ha apxuTekTtypaTta Ha [JHM Ha akTbopa 4pe3 gobaBsaHe Ha SOMbIHUTENHO
pasknoHeHue, 6asupaHo Ha nogxogda 3a 0bxogHM MM ocTaTbyHM Bpb3kM (residual
connections). LlanoctHaTa apxutektypa Ha [JHM Ha akTbopa e nokasaHa Ha dur. 3.

HeBpoHHa Mpexa Ha akTbopa

m(ay | )

Bxopex
croit

Otnaga-

HCC -

HCC HCC Mapr HCC - —
e Relu == e = Relu = nopu. I Relu = Sofimax—— |

s 128 04 128 128 128

®ur. 3. Apxutektypa Ha [1HM Ha akTbopa ¢ 06xoaHa Bpb3ka

Taka onucanute nogobpenus B [IHM gonpmHacaT 3a noBulLaBaHe CKOpPOCTTA Ha
obyyeHne Ha wmogena PPO nocpeactBoM HamuMpaHe Ha HOBM 3aBUCMMOCTM  Ha
CbCTOAHMATA. ToBa MO CbLLECTBO Kapa ABeTe Pas3KrOHEHWA da Hay4vasaT pasfiMyHu
npeacrtaBsHUSA Ha BXOAHWUTE OaHHW, KOMTO BMOCMEeACTBME Ce cymupaTt U npemMmuHaBaT
npes3 nocrnegHnsa CKpuT cnon cbe 128 HeBpoHa, nocrnegBaH OT akTMBaLMOHHA OYHKLUMSA
Softmax. Pesyntatute OT €eKCNepMMEHTUTE C Taka onuMcaHaTa apxuTekTypa ca
nokasaHu Ha owr. 4.

M

Bb3HarpaxaeHue
eHTpOMMs

0 2K K t

enu3oau 00y4uTENHU UTEpaLMM

dur. 4. ObyyeHne c obHOBeHaTa apxuTeKkTypa Ha akTbopa, M3non3eBanku nogxoga c
06X0AHM BPBH3KN: BNSABO — KYMYNaTUBHO Bb3HarpaxaeHue, oCpeaHeHo 3a nocnegHute
100 enu3ona; BAOSICHO — cpedHa EHTPOnusa Ha pasnpeferieHMeTo Ha AencTBudata Ha
aKkTbopa

MpouecbT Ha ob6ydyeHne ce yckopsiBa cneg enusog 6500 wm  pgoctura
MakcumarnHaTta cu cpegHa CToMHOCT oT 32 Touku 3a nocnegHute 100 enmnsoga KbM
enn3og 7 000. CbwaTta cTtomHocT ce goctura ot 6a3oBus mogen 2 000 enm3oga no-
KbCHO.

3.4.4 TMMpeunsnpaHe Ha CKOPOCTTa Ha oOy4yeHue
B o6yyeHneto Ha mopgena PPO 3a noctaBeHaTa 3agada ca NpoBeOEHMU
EeKCMepPMMEHTN C MPOMSIHA Ha CKOpPOCTTa Ha ObydeHme npu akTbopa 4Ype3 OueHKa Ha
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Hanpeabka Ha obyyeHmeTo. Tow ce onpegenst OT NPeacTaBsAHETO Ha areHta npes
onpeaeneH dpon nocneaHu ennsoan. bnok-cxema Ha npoueca e nokasaHa Ha dwur. 5.

pasnuka mexay

- P MefuvaHaTta Ha
a obyuMTenHi a uTepaLym OT- a a HamansBaHe Ha
500 enun3opa ﬂ—b vTepaumun L nenHaTa NpoMaHs: A »BEDIHATPAKAGHUATA, 5" paanuka <= -4 A o
OT HavanoTo Ha CKOOCTTa MONy4eHn ot ckopocTTa ¢ 50%
nocnegHute 100 1

l He He He 500 enuzopna l He

NpoabMKaBaHe Ha % <= peannca <= -2 ciapoctva et Aa | ysenuyasaHe Ha
oby4eHneTo ckopocTTa ¢ 50%
’[ I he | he

®ur. 5. AnropuTbM Ha NPOMsSIHA Ha CKOPOCTTa Ha 0bydYeHneTo

3apaBaT ce MMHUMAarnHM nNparoBM CTOMHOCTU Ha 6pon nammHanun ennsogm (500),
oby4nTeENHN UTEepaumm OT HavanoTo Ha obydyeHueTo (20) n nocnegHa NpoMmsiHa Ha
ckopocTTa Ha 0by4deHneTo (20). Mo To3M HauMH NpoMsAHaTa Ha CKOPOCTTa CTaBa NnaBHO
1 Bb3 OCHOBA Ha no-ronisiMa nssagka ot gaHHu. CpaBHSABa ce pasnukaTta Ha MeanaHarta
Ha Bb3HarpaxgeHuss npe3 nocnegHute 500 n 100 enmsopa (20%). [llparosute
CTOMHOCTM Ca HaMepeHW eKCnepuMeHTanHO W ce sBsfBaT XurneprnapameTpu Ha
anroputTbma. CTaTUCTUYECKUAT NapaMeTbp MeanaHa e usbpaHa c uen HamansiBaHe Ha
BNMUAHMETO Ha AMcnepcusTa Ha Bb3HarpaXgeHusTa npu OTKPMBAHE Ha Hemno3HaTu
CbCTOAHUA OT areHTa. [lpn oueHABaHe Ha Hanpegbka Ha OOy4YyeHMeTo, B cnyvauTte
KoraTo TS HamansBa (pasnukata e paBHa Ha -4), T.e. Bb3HarpaxgeHusaTa ca C
HM3xo4sWa TeHAEeHUNs, CKopocTTa Ha obyvyeHneTo cneasa ga ce Hamanu asoviHo. Ot
Apyra cTpaHa, koraTo areHTbT ce Hammpa B Nnato u yHKUMATA Ha Bb3HarpaXxaeHmsTa
He ce npoMeHs (pasnukaTta e mexagy -3 n 3), CKopocTTa Ha oby4yeHne ce yBenu4yaea C
50% cnpamo npeguwHaTta cu CTOMHOCT. [lo6aBa ce M [ONbIIHUTENHO Yycrnosue —
ckopocTTa He TpsbBa ga Hagsuwaea 0.005, 3a ga ce m3berHat npekaneHo ronemm
CTbMNKM B OOHOBSABAHETO Ha Ternara. 1o To3n HaunH Npu HamansgBaHe U cnupaHe Ha
Hanpeabka Ha obydeHMeTO ce npeanpuvemart OeNcTBUS MO NPOMsiHA Ha CKOPOCTTa Ha
obyyeHne, HO Korato € Hanuue HanpeabK, KpuBaTa Ha Bb3HarpaxgeHuatra e
Bb3xoasdiia n oby4yeHneTo npoabkasa ¢ n3bpaHata CKOpOCT.

Ha owur. 60 e nokasaHO HamansiBaHETO Ha CKOpoCTTa WM CpPeaHoTo
Bb3HarpaxgeHue Ha areHta no Bpeme Ha obyyeHwe, CpaBHEHW C Te3n Ha GasoBus
mMogzen.

Bb3HarpaxiaeHue
CKOPOCT Ha oByYeHue

@

0 2 4k Ok X 1 OK ( 4 8 120 00 240

enusoau oBy4UTENHU UTEpaLMK
a) 6)
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®ur. 6. ObyyeHve npu npunaraHe Ha anropyTbMa 3a MPOMSHA Ha CKOpocTTa:
a) KymynaTuBHO Bb3HarpaxaeHue 3a nocrnegHute 100 enmsopga; 6) npomsiHa Ha
CKOpOCTTa Ha 00y4eHNETO

O6y4yeHneTo Ha anroputbMa [0 TodHOCT 90% C Taka onuMcaHus noaxod 3a
NPOMsAHa Ha CKOpOCTTa OTHEMA 3HA4YMTENHO MO-Marnko Bpeme, a WMMeHHo: 6 300
enu3oga npu MakcmmanHo Bb3HarpaxaeHue 60 Toukn B cpaBHeHne ¢ 9 000 ennsoga u
Bb3HarpaxaeHne 32 TOYKM.

3.4.5 bydep 3a cbxpaHeHUe Ha onuTa

Pasrnexna ce HOB Ha4MH 3a CbXxpaHeHue Ha onuTa, 6asvpaH Ha NpeacTaBsHETO
Ha areHTa B KOHKPETHW enu3oan un no-epekTMBHOTO My u3nonssBaHe. [lpouecwbT e
pasgeneH Ha TpUM OCHOBHW CTBbMKU: CbXpaHeHne Ha onuTa, hopmmpaHe Ha mM3Bagka 3a
obyyeHne n noyncTtBaHe Ha nameTTa. 3a uenTa ce cb3gaBaT gBa Oydepa 3a
CbXpaHeHue Ha onuTa C pas3nn4yHo npeaHasHadeHne. CxemaTa Ha npoueca e nokasaHa
Ha dur. 61 n dur. 62.

=
,En nony4agaHe Ha
5 OMMT 38 OuH
— envaog
(]
5 v
0o
=
£
He ChXPAHEHVE HA ONUTA B

E HGCTETH; A0 —_— dyhepa ¢ HeyCneLwHu
C 4 Ny Tkl
o
g

na
2 v
I
o CEXPEHEHWE Ha ONWTa
a g Gydepa ¢ yCneluHW
H -
= ennzogM
L8]

Qur. 7. I'Ipouec Ha CbXpaHeHne Ha noJjtydeHund onnT
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M3YWCNABAHE Ha
G - Opoi 3anucaHun
CTLMKM B Bydepa ¢

YCMEeLWweH onuT

v

He He

G=0 —_— GIN =05 —_— GIN==105

+ na + aa + na
BINMEHE HE LANaTE E3MMaHe Ha 50% waeanka

E3MMAEHE Ha UANAETA Wagagra ot Oydepa c
waeagxa ot Oydepa c YCneweH on T 1 TED:‘E?‘D; £ i‘;";mﬁel"moe"“;—
HEYCMELLEH ONAT nontneade oo N ot a4 yeep

C HeyCrneweH onuT
Oydepa Cc HeyCneweH onuT ¥

v ¥ v

KOHKATHHWPAHE Ha MACKBWTE OT JAHHW W pasbLpKEaHe

popmKpaHe Ha W3Banka 3a ofydeHne

00yUMTENHA MTEPaLMA BLPXY NOMYYSHUTE JaHHU

|

W3UMCNABaHE Ha F - GPoil 3aNWCaHN CTLNEM BLE BCEkM Gydep
R<=N ‘e 3/ R=N

wl',tta J,ﬂa

ZanazeaHe CaMo Ha
nocnegHuTe N
CTHBIMEMW

2 v

NonyJyaegaHe Ha HOB ONWT W ChXpaHABaHETD MY B Dydepute

oceoboNLapaHe Ha nameTTa

3dnd3gaHe Ha UenWAa
OMUT

dur. 8. dopmmnpaHe Ha nsBaaka ot bydepute 1 oceBoboxagaBaHe Ha nameTTa

Bcekn ennsop ce cbxpaHsaBa ¢ nogpobHn AaHHW 3a HabnogaBaHUTE CbCTOSAHUSA,
OencTBusaTa, BEPOATHOCTUTE, MOMYYEeHUTE Harpagum wn kpamHua pesyntat. Korato ce
HaTpynaTt goctaTbyHO CTbhkM (4 096), oT gBata Oydepa ce copmupa obyumTenHa
n3Bagka, Kkato ce nogbupaT no-HOBM enn3ogu, CbYeTaHu crnopes CbOTHOLUEHWETO
ycnewHwu/HeycnewHn. Cnen ToBa HeakTyanHWAT OMUWT Ce NpemaxsBa, 3a Ada ce
rapaHTvpa, Ye areHTbT BMHarn ce oby4asa C Hal-akTyanHuTe AaHHU OT cpefaTa, KoeTo
nosuwasa eeKkTUBHOCTTA M adanTUBHOCTTA Ha oby4vyeHneTo. Pesyntatute OT Taka
onncaHusa Noaxop ca nokasaHun Ha dwur. 9.
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Bb3HarpaxaeHue
CKOpPOCT Ha oby4eHune
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®ur. 9. lMpouec Ha obyyeHwe Mpu npunaraHe Ha anropuTbmMa CbC CbXpPaHEHWe Ha
onuTa: a) KymynaTuBHO Bb3HarpaxaeHue 3a nocnegHmte 100 ennsoga; 6) npomsiHa Ha
CKOpoCTTa Ha obyyeHue; B) koeUUMEHT Ha OBSICHEHa OMCNepcUss Ha KpuTuka; )
YHKUMSA Ha 3aryouTe

Pesyntatnte OT M3Non3BaHETO Ha Taka ONWCaAHUA MeETOA 3a ynpaBfieHMEe Ha
Oydepa Ha nameTTa nokasBaT no-edekTMBHaTa My paboTa, koeTo ce Habntogasa oT
KpvBaTa Ha KyMynaTMBHOTO Bb3HarpaxaeHue cnpsamo 6as3oBus moden — HanpeabKbT
Ha OOy4YyeHMEeTO HacTbNBa 3HAYMTESNTHO MO-paHO M C MO-Bb3xoAdlla TeHAeHUUs,
OTKOSKOTO Npu 6a3oBus mogern.

3.5 0O6006LeH cpaBHUTESNIEH aHaNU3 Ha HanpaBeHUTe Noao6peHusn

B Tabn. 2 e nokaszaH o6o0OLieH cpaBHUTENEH aHanu3 Ha 6asoBus mogen cC
npeanoXxeHnTe NogobpeHn KoHUrypauumn, BKIKOYBaLLM NPOMSHA Ha apxMTekTypaTa Ha
OHM, agantuBHa CKOPOCT Ha 0Oy4eHne 1 M3Non3BaHe Ha MOSyYeHUs OnNuT.

Tabn. 2. KonuyectBeHa oueHKa Ha CpaBHUTENHUA aHanna Ha 6a3oBunsa 1 nogobpeHuTe
Moaenu

Mogen ¢ Mopen ¢ Mopen ¢
Nokasaten bazos NpoMeHeHa afanTUBHa nogobpeHo
mozen apXuUTeKTypa CKOpOCT Ha n3nosa3BaHe Ha
Ha JHM obyyeHue NnoJsly4eHnsa onuT
Ckopoct Ha cxoaumocT ~9000 ~7000 ~6300 ~6100
(ennsoan)
YcnewHo 3aBbpLUeHn TeCTOBU 90% 90% 90% 95%
enusoau (%)
CpegHo Bb3HarpaxaeHue 40 53 51 62
CTaHaapTHO OTK/IOHEHME Ha 10.8 10.3 9.7 10.1
Bb3HarpaxKaAeHneTo
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MWHUMaNHa CTOMHOCT Ha 03 0.3 0.2 0.2
eHTponunATa

WNtepaums, npu KoATo ce
nocTura MMHMMasIHa eHTponuA
Ha pasnpeaeneHneTo Ha
AEeNCTBMATA Ha aKTbopa

210 70 68 53

MMWHMMaNHa CTOMHOCT Ha
dyHKUMATa Ha 3arybuTe Ha -0.07 -0.05 0.01 0.05
aKkTbopa

CTaHAapTHO OTK/IOHEHME Ha
dyHKUMATa Ha 3arybuTte Ha 0.6 0.54 0.38 0.35
aKTbopa

MWHMMaNHa CTOMHOCT Ha
dyHKUMATA Ha 3arybuTe Ha 0.65 0.67 0.49 0.21
KpUTUKa

CTaHAapTHO OTK/IOHEHME Ha
dYHKUMATA Ha 3arybuTte Ha 0.73 0.82 0.56 0.23
KPUTHKA

MaKcumasieH KoepULMeHT Ha
obAcHeHa ancnepcua Ha 0.99 0.99 0.99 0.99
KpUTUKa

UTepaums, npu KoaTo ce
nocTura MakcMmasneH 20 19 18 18
KoeduMLMeHT Ha 0bACHEeHa
AVCnepcunn Ha KPUTUKA

Mo oTHOWweEHMe Ha cKopocTTa Ha obyyeHne ce HabntogaBa nogobpeHue npu
BCUMYKM mMoamdpmumpaHm mogenun cnpsmo 6asosus mogen. [okato 6as3oBuAT mopen
goctura mMakcumanHata ycnesaemocT 90% cneg npubnuautenHo 9 000 enusopa,
MOAENBT C TMPOMEHEHa apxXUTeKTypa C W3non3eBaHe Ha o06xogHa Bpb3ka W
aonbnHuTenHa perynsapusauma Ha [OHM Ha aktbopa nopobpsiBa ckopocTTa Ha
cxogmmocT ¢ 22% (go 7 000 ennsoaa) npu cbLuata ycneBaeMocT Npu TECTOBM ennsonm
(90%). JonbnHUTENHOTO BHEApsIBAHE Ha aJanTUBHOCT B CKOPOCTTa Ha obyyeHne Boau
A0 HaMmMpaHe Ha cbluaTta ycneBaemocT cneq 6 300 ennsoga, a Han-gobpu pesynrtatu
ce nocturaT npu mogena ¢ nogobpeHo m3nonseBaHe Ha Oydepa 3a CbxpaHeHue u
n3non3BaHe Ha OnuT, KOMTO ce obyyaBa 3a npubnusmtenHo 6 100 enusopa (32%
nogobpeHne cnpsamo 6a3oBus MoAer), KaTo OCBEH TOBa AOCTUrHaTa ycneBaemocT npu
TecToBu enunsoau ce nosuwaa ¢ 5% (95%) cnpsamo 6a3osus mogen (90%).

3.6 AGnauvoHeH aHanu3 Ha noaoGpeHusa moaen

C uen KonuyecTBeHa OLIEHKA Ha NMpuHOCa Ha NpeanoXeHutTe nogobpeHns BbpXy
edekTuBHOCTTa Ha anroputbma PPO e npoBegeH abnauMoHeH aHanm3, OCHOBHaTa
noess Ha KOWTO € CUCTEMATM4YHO [JeaKTUBMPAHE Ha OTAENHW KOMMOHEHTU OT
noaobpeHnss Moaen N n3aMepBaHe Ha BIIMSHMETO UM BbpXY CKOPOCTTa Ha obyyeHne Ha
anroputbma, CTabUMHOCTTa U KpaMHOTO NpeAcTaBsiHE Ha areHTa B TECTOBWU env3oau.
Kato pedepeHTHa ocHoBa € wusnon3eBaH 6asoBuat obydeH wmogen PPO c
nbpBOHA4yanHaTa apxuTekTypa Ha akTbopa W KpuTuKa, dUKCMpaHa CKOPOCT Ha
oby4yeHne 1 cTaHgapTeH Ha4YMH Ha cbbupaHe Ha obyunTenHuTe npumepun. Pesyntatute
OT NPOBEAEHNTE EKCNEPUMEHTM Ca NokasaHu B Tabn. 3.
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Tabn. 3. Pesyntatn ot abnaunoHHMs aHanu3 Ha HanpaBeHUTe nogobpeHus

M
Mopobp MunHUMa axcma

n
KoHdurypay, HEOMHHa ApanTuBHa on CKopocT Ha Ha CpegHo | nHa

nA Ha CKOPOCT Ha 6yd>ep cxoaunmocT Bb3Harpa | AOCTUTHAT

APXUTEKTY eHTponu
mopaena 0byyeHue (ennsogn) OeHue | a ToyHocT
paTa 3a onut fa

(%)

basos
mozen

X X X ~9000 0.3 40 90

be3s
NPOMAHa Ha
APXUTEKTYP
aTa

X v v ~8200 0.3 45 92

be3s
afjanTuBHa v X v ~7500 0.25 48 90
CKOpoCT

bes

noaobpeH v v X ~7000 0.25 50 20
6yodep 3a
onuTt

MNogobpeH
moaen v v v ~6100 0.2 62 95
(nbnen)

Pesyntatnte OT Taka npoBedeHUTE eKCrnepuMeHTUM MokKa3BaT, Ye BCAKO OT
npeanoXxeHnTe nogobpeHns [onpuHacs CaMOCTOATENHO 3a MOBULWIABaHE Ha
edekTMBHOCTTa Ha anroputbma PPO. Haln-cbLueCcTBEHO BNUSIHME BbPXY CKOPOCTTa Ha
obyyeHne okasBaT NpoMsHaTa Ha apxuTekTypaTa Ha JHM Ha akTbopa u aganTuBHaTa
CKOpoCT Ha obydeHue, JokaTo noaxXoAbT 3a ynpaeneHve Ha Oydepa 3a onut
nogobpsasa ycTomumMBocTTa M cTtabunHoctta Ha obyveHmeto. KombBGuHMpaHeTo Ha
BCUYKM NpeaniokeHn nogobpeHna Boan Ao Han-gobbp GanaHc Mexay BUCOKa CKOPOCT
Ha oby4eHune, cTabunHocT 1 nogobpeHa TOYHOCT.

3.7 W3Boau

B HacTosiwara rnaBa e pasrnegaHo peanmampaHeTo Ha nogxoga 3a RL B 3D
cumynaums Gazebo ¢ yvactme Ha 3D mogen Ha poboTuaupaHata mobunHa 4-konecHa
nnatpopma Yahboom RDK X3 ¢ mekaHym konena un ceHsop LIiDAR. lNoagrotoekaTta Ha
cuctemara 3a 3afjadyaTta Ha aBTOHOMHa HaBuUrauusi € MHOroCTbIMKOB MPOLEC U BKOYBA
Cb3aBaHe Ha CUMYyMauuoHHa cpefa, KoOHUrypupaHe Ha CEH30pW, HacTpomBaHE W
BHegpsiBaHe Ha ynpasneHue Ha poboTta ¢ ROS2, cb3gaBaHe Ha cuctema 3a obydveHue
no metoga RL. PeanusmpaHaTa cumynauuoHHa cpega Cb3fgaBa KOHTPOSMPaHU WU
Bb3MNpoM3BOAUMM YCIioBUS 3a 0ByveHne n TecTBaHe Ha anroputMu RL 3a noctaBeHata
3agava.

[MpoBegeHUTe eKCcnepuMeHTU NOTBbpXKAaBaT Bb3MOXHOCTTA 3a YCNeLwHo
oby4yeHne Ha HaBuraumoHHa nonutuka ¢ nogxoga RL, nanonasanku gaHHu ot LIDAR un
ogomeTpusi, 6e3 npegsapuTenHo wuarpageHun kaptn. KombuHaumdata oT cumynaTop
Gazebo ¢ ROS2 n nporpameH e3nk Python npegoctaes Bucoka CTeneH Ha MOOYMHOCT,
MBKaABOCT M Bb3MOXHOCT 3a NMb/IHOMYHKLMOHAIHO ynpaBrieHne Ha BCUYKM NpoLecu oT
cumynaumsita n obydeHuneTo.

PeanunanpaHo e pnHo goHacTponBaHe Ha anroputbma PPO u e narpageH 6asos
MoZen, KOWTO Cce wu3nonsBa 3a nocneasawmte nogobpeHns Ha anropuTbma.
HocturHatata ycnesaemocT oT 90% npu TecTBaHe NOTBbpXKAaBa HayyHaTa xunortesa
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3a BUCOKaTa ePeKTUBHOCT Ha TO3N NOLXO0A NPV M3NbJIHEHME HA 3a4ayun 3a aBTOHOMHa
Hasurauus Ha AMP. Ypes BHMMaTeneH nogbop Ha xunepnapameTpuTe, apxutektyparta
Ha HeBpOHHATa Mpexa M YHKUMSATA Ha Bb3HarpaXXgeHmeTo ce noctura yCTOMYMBO
oby4eHne 1 BUCOKa TOMHOCT Ha areHTa Npu B3emMaHe Ha peLleHus.

M3BbpweH e 3aabnboyeH aHanmM3 U eKCNepUMMEHTanHO u3cregBaHe Ha
Bb3MOXHOCTUTE 3a nogobpsiBaHe Ha anroputbma PPO B KOHTeKcTa Ha 3agadaTta 3a
aBTOHOMHa HaBuraumsa. Ype3 BbBeXOaHETO Ha apXUTEKTYPHU u3MeHeHus B [OHM,
afjanTUBHA CKOPOCT Ha 00y4YyeHMe M YCbBBLPLUEHCTBAH MeXaHM3bM 3a ynpaBrieHMe Ha
HaTpynaHMsi ONUT € MNOCTUrHATO CbLIECTBEHO MNOBULIABAHE HA egeKTUBHOCTTa M
cTtabunHocTTa Ha 0by4veHneTo. Pe3yntatnte oT cpaBHUTENHUS N abnaumMoHHMSA aHanm3
NnokasBaT, Ye BCAKO OT NPeasioXXeHNTEe NoaobpeHns nma camocTOSATENEH MONOXUTENEH
NPUHOC KbM MpeacTaBsHETO Ha Mogena. BHegpsiBaHeTo Ha 0OXOAHW BPBL3KU U
HOpManuaaumsi B apxuTekTypata Ha akTbopa nogobpsiBa CKOpoCTTa Ha obyyeHue wn
cnomara 3a no-0bp30 YycBosiIBAHE Ha ONTUManHaTa nonMTMKa Ha MNOBEAEHME.
ApanTuBHaTa NpoOMsiHA Ha CKOpPOCTTa CbObpa3HO Hanpeabka Ha 0Oy4YEHMETO Ha areHTa
noBMaBa YCTOMYMBOCTTA Ha npoueca M Hamansea HeobXxoaMmMoTO Bpeme 3a
AOCTMraHe Ha onTumanHo nosegeHue. 13non3BaHeToO Ha NO-ePEKTUBEH MEXAHU3BM 3a
CbXpaHeHWe W WKn3nons3BaHe Ha HaTpynaHua OnuMT noBuWwaBa oboBWMTENHUTE
CnocoBbHOCTMN Ha Moaerna, Kato ycneBaemocTTa npu TectoBute enuaogmn goctura 95%.
Coblio Taka, nogobpeHata Bepcus Ha mMofena LEMOHCTpupa no-6bp3a CKOPOCT Ha
o6yyeHne ¢ 32%, No-BMCOKO CpedHO Bb3HarpaxaeHue ¢ 55%, no-gobpa To4HOCT € 5%
N NO-yCTOMYMBO NOBeAEHUE No Bpeme Ha obyyeHmeTo cnpamo 6asosus mogen. OcBeH
TOBa aHaNU3bT Ha eHTponusaTa U yHKUMUTE Ha 3arybute Ha akTbopa M KpuTuKa
AokasBaT Mo-paHHOTO popmupaHe Ha cTabunHa nonuTtuka. KpuTUKLT BBB BCUYKK
pasrnexgaHn crydau ycnewHo anpokcummpa (OyHKUMATA Ha CTOMHOCTTA, KaTto Mpu
nogobpeHns moaen ToBa ce criyvBa 3a No-Manbk 6pon utepaunu.

OT KoHuenTyanHa rrnegHa ToYka NPeaMMCTBOTO Ha npeasioxeHata MeToauvka

cnpamo  ytBbpaeHute DRL HaBurauMoHHM noaxoou ce CbCTOM B HenHaTta
CUCTEMATUYHOCT M BB3MOXHOCTU 3a WHTErpupaHe u HagrpaxgaHe. [lpegnoxeHa e
KOMOMHaUMA OT HSAKOSKO LiefleHacoyYeHn noaodbpeHnsa, KoMTO agpecupaTt pasfinyHn
acnektTm Ha npoueca Ha oOyyYyeHMe — CKOPOCT, YCTOMYMBOCT M €dUKACHOCT npu
nanonssaHe Ha AaHHuTe. B cpaBHeHne ¢ apyrm DRL nogxoam, KOUTO 4YeCcTo M3nckear
CNOXHO HacTpoWBaHe 3a MnocTuraHe Ha [oOpu pesynTtaTn, npeanoxeHara meToauka
3anassa ctabunHocTtTa M npoctotata Ha anroputbma PPO, kaTo CblUeBpEMEHHO
npeogonsisa HEroBUTe OrpaHUYEHUsl, CBbP3aHM CbC CKOPOCTTA Ha CXOOMMOCT W
€4HOTUMHO ynpaBrieHne Ha oby4nTenHus onut. NpoBegeHNTE eKCNEPUMEHTU 4OKa3BaT,
4ye npunaraHeTo Ha Te3n nogobpeHuss BoAn A0 No-6bLP30 opmupaHe Ha cTtabunHa
HaBuUraynoHHa nonutunka. CbLLO Taka ONMCAHUAT KOMMIIEKCEH NOAX0A 4EMOHCTPUpPA, Ye
nogobpeHns B HaBurauMoHHaTa edqekTMBHOCT MoraT ga ObaaT nocturHatm He
HENPEMEHHO 4pe3 3amsiHa Ha anropuTbmMa, a CblWO Taka 4Ype3 WHTENUreHTHO
aganTupaHe n KOMOUHMPaHE Ha apXUTEKTYPHU N OBYYNTENHN MEXaHU3MWN B PaMKUTE Ha
yTBbpAeHa napaaurma 3a DRL.
MocTurHatuTe pesyntaTm B cuMynaums npeactaBnsBaT OCHOBa 3a MocnenBalioTo
WHTErpupaHe 1 TecTBaHe Ha MOAena B peanHa guanyecka cpega, onMcaHo B rnaea 4,
KbAEeTO CbLO Taka Ce M3BbpLUBA OLEHKa Ha HeroBuTe obobLiaBallun cnocoBHOCTU U
YCTOMYMBOCT B peariHn yCrioBusi.
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nhasa 4. EKcnepumeHTanHu nscneaBaHUA U aHaNU3 Ha
NPUNOXKMMOCTTA Ha NOJIYyYEeHUA moaen 3a U3Nb/IHEHUe Ha 3a43a4aTa 3a
Hasurauyua Ha AMP

4.1 TexHMYeCKO onMcaHue Ha U3Non3BaHOTO o6opyaBaHe

3a uenuTe Ha ekcrnepuMeHTanHuTe uscrneaBaHusa e nuanonssaHa poboTusnpaHa
nnatcgopma, paspaboreHa Bb3 OCHOBATa Ha MEXOMHHUS MHTErpaunoHeH codTyep C
otBopeH kog ROS2. Kato ocHoBeH koHTponep ce wusnons3sa RDK X3, uwuuto
N34YNCNUTENHN pecypcu ocurypseaT obpaboTBaHe Ha [aHHM B peaniHO BpeEME U
M3NbfHEHWE Ha CrOXHUM u3uYncnuTenHu 3agaun. [Mnatgopmata e obopyaBaHa C
BMCOKOMPOU3BOAUTENHN XapAyepHW YCTPOMCTBA, konena Mecanum 3a peanuaupaHe Ha
cnoxHu asmxkeHns, LIDAR 3a namepBaHe Ha pasctosHMeTo ao obekta (time of flight,
ToF) n kapTorpadmpaHe, 3D kamepa (Tabn. 4).

Tabn. 4. O6wm napameTpun Ha xapayepa

[ICHTPAJICH POLIECOP

ARM Cortex-A53, 4 sqpa o 1.2 GHz

OorncpallMOHHa CUCTEMA

Ubuntu 20.04 u ROS-Foxy

CEH30pH LiDAR MS200, kamepa CSI, 3D xamepa

3aXpaHBaHE MOCTOSTHHOTOKOBO, 7.4 V

JKUBOT Ha Oarepusita 3.5 gaca

paaroynpaBIeHUE JUKOUCTHK, KJIaBHATypa, MoOmIeH Tenedon

KOMYHUKALIHS nokanHa mpexka (LAN), touka Ha noctsn (WiFi)

MaTepuaj Ha NIaCUTO aJyMHHMEBA CIIJIaB

0e30MmacHoCT 3allUTa Cpelly CBbpP3BaHe, 3alUTa Cpelly KbCO ChEINHEHUE,

3a1uTa cpenry O6J0KHpaHe Ha pOTOPUTE

BBHIIIHU pa3MCpu

236.11 x 181.10 x 184.9 mm

Maca

1.93 kr

4.2  KoHdurypupaHe Ha codptyepa ¢ ROS2 cbobpa3Ho 3agavaTta 3a HaBuraums
3a uennte Ha ekcnepuMMeHTanHoTo uacnegeaHe B nnartgopmata Yahboom RDK
X3 e nHCcTanupaH cnegHuaT coryep:
e onepauuoHHa cuctema Ubuntu 20.04.6 LTS;
e MEXAWHEH MHTerpaunoHeH codpTyepeH naket 3a pobotn ROS2 Foxy;
e Python 3.8.10 cbc cnegHnte GubnmnoTeku:
o PyTorch 2.4.1 — 3a AbnN6oKko 0by4yeHune;
o NumPy 1.24.3, math, squaternion — 3a MaTeMaTU4eCKn N34YNCNEHUS;
e rclpy — knueHTckaTa bubnuoteka Ha Python 3a ROS 2;
e ros-foxy-geometry-msgs, ros-foxy-nav_msgs, ros-foxy-sensor_msgs, ros-
foxy-visualization_msgs — naketn 3a cbobuieHna Ha ROS2 Foxy.

3a cBbp3BaHe c poboTa e u3nona3eaH copTyep 3a oThaneyeH LOCTbMN 3a HACTOMHU
KOMNIOTPU 1 MoBunHKu yctponctea RealVNC.

CeHszopbT LIDAR MS200 e koHdwurypupaH B guManasoH Ha otyuTaHus ot 0° go
360° c BbpTeHe B nocoka, obpaTHa Ha 4YacoBHMKOBATa CTperika, U C pasCTosHME OT
0.05 go 20 m. N3bpaHaTta yectoTa Ha npegaBaHe Ha curHana e 10 Hz. MNMokasaHuaTa Ha
LIDAR ce nybnukysaT B Temata MS200/scan. CxemaTM4yHOTO npencTaBAHE Ha
peanu3aumaTta e nokasaHo Ha dwur. 10. EgHO oTunmTaHe B AmanasoHa o 360° ce
pasgensa Ha 12 egHakBM MO pasmMep 30HM C bIMbS Ha BuaumocT oT 30°, kKaTo ce B3ema
MUHMMAsHOTO Pa3CTosiHME A0 NPEnATCTBMETO 3a BCAKA OT 6-Te 30HM ¢ nHaekeu [0, 1, 2,
9, 10, 11]. Mo TO3M Ha4dmH nokasaHuaTa Ha LIDAR npencraBnaBaT BeKTop OT 6
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NMPOMEHNNBM C NfaBall, AeceTUdeH pasgenuTen, ONnUCBaLLM MUHUMAHUTE Pa3CTOAHUS
A0 NpenaTcTBUATA, paBHOMEPHO pasnpeaeneHn no poHTanHarta 4YacT Ha poboTta ¢
brnoB gmnanasoH ot 180°.

®ur. 10. KoHdurypaumsa Ha otuntaHusTa oT LIDAR kaTo BxogeH napamMeTbp Ha
anroputbma

[aHHUTEe OT ogomeTpusaTa ce nonyyaBaT Ype3 KOMOMHMpaHE Ha imu gaHHuTe,
npoyeteHn ot ROS2, n gaHHnTe 3a ckopocTTa. Ha ®ur. 11 e nokasaHa peanusauus Ha
rnokanuanpaHeTo Ha poboTa Ype3 n3non3BaHe Ha OAOMETPUSI.

fimu

fimu/data_raw |- fimu_filter_madgwick
Jemd_vel
L / -«
fimu/data

o o e
o | A e

" Ivel_raw

T
N ferternode -

Jodom_raw & fekf_filter_node

/RGBLight

[set_pose

dur. 11. YacT oT apxuTekTypaTa no npeaaBaHe Ha CbobLLeHNs 3a LenuTe Ha
nokanusaums

Ha Bcsika cTbnka CbC 3agadeHn NIMHEeNHa W broBa CKOPOCT MOBUNHUAT poboT
KOH(purypupa BXogHUTE AaHHW 3a anropuTbMa no HadmHa, onnucaH BbLB doopmyna (11):

St = 6 oTuntaHma ot LIDAR + pasctosiHne oo uenta + opueHtauus cnpsmo uenta(l)

Ha ®wur. 12 e nokasaHa usanocTHaTa u3rpageHa pasnpefeneHa apxutektypa B
ROS 2, kosTO BKNOYBa OTYMTAHETO Ha Noka3aHusaTa Ha ceHsopa (LIDAR), koHTponepa
3a [OBWKEHVWEe W anroputMuMTe 3a foKanuaumpaHe 3aefHo C  TpaHcdopmauuuTe,
peanuampaHu 3a noctaBeHaTta 3agada no Hasuraumsi.
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ljoint_state_publisher Joint_states |, /f—\ i
frobot_description Irobot_state_publisher
fimu/data
/RGB_light

fimu/data_raw

fvisualiation_marker
MS200

LIDAR
MS200/scan JNidar_subscriber

®ur. 12. PeanusnpaHa apxutektypa 3a KomyHukaumsa B ROS2

fjoy_node fjoy

feki_filter_node

fodom_subscriber

4.3 EKcnepumMmeHTanHo uscrieaBaHe Ha NPUNOXMUMOCTTa Ha anroputmute c RL B
peanHa cpepa

OnuTHaTa nocTaHoBKa B peanHa cpefa npeacraBnsiBa 3aTBOPEHO NMPOCTPaHCTBO
C HenpasunHa dopma ¢ pasmepn 4 x 3.8 M 1 pasnoNOXeEHN pasfnnyHu no dopma u
pasmep npeametn (nNpensatcteus) B Hed. AMP e pasnonoxeH B eguHUSA Kpan Ha
3aTBOPEHOTO MPOCTPAHCTBO, a uenta e Ha pasctosHue 3.15 m ot Hero. OnuTHUTE
pesyntaTtu ce cbbupat npu Hanuume Ha 0, 1, 2, 3, 4, 5 1 6 NpendaTtcTBuUA C Len aHanus
Ha npeactaBaHeTO Ha 6asoBus M nogobpeHns mopern, nonyvenun B maea 3. C uen
cpaBHUTENEH aHanu3 Ha obydyeHute mopgenu nosvmummte Ha AMP u uenta ocTaeat
nocToaHHM. Ha ®ur. 13 e nokasaHa onuMTHa NOCTaAHOBKA MpY HanmMyne Ha MakcumaneH
Opon OoT 6 NPenaTCTBUA N pearniHa CHUMKa Ha NOCTaHoOBKaTa.

b

a)

®ur. 13. Busyanusaums Ha onMtHaTa noctaHoBka B Rviz (a) n peanHa cpeaa (6) ¢ 6
npenaTcTBUS

OcHoBHUTE nokasaTtenu, cbbupaHu No Bpeme Ha onuTuTe, ca Bynesa CTOMHOCT
3a yCMNELWHO 3aBbplUBaHe Ha enu3ofa, MUHUMAaneH U cpeaeH Opon HanpaBeHU CTbMKK
3a BCEKM enn3og U KpamHO CbCTOSHME Ha areHTa npu npukKnyBaHe Ha enu3oga. B
Tabn. 5 ca nokasaHn KONMMYECTBEHN XapakTEePUCTMKN NPU aHann3a Ha ABaTta mogena.
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Tabn. 5. EkcnepumMeHTanHu pes3ynrtaTu B peanHa cpefa

Mopen bp. YcnewHu | YcneBaemocT | bpown CTbhku 3a enusop
npenaTcTBUS ennsogu NpW yCNeLIHO 3aBbpLUEHN

ennsoau

Cp. MwuH. | Makc.
Basos 0 26 87% 68 59 85
baszos 1 26 87% 69 63 86
Basos 2 25 83% 76 68 88
basos 3 25 83% 78 73 92
baszos 4 24 80% 80 73 96
baszos 5 25 83% 83 76 98
Basos 6 25 83% 89 76 98
MopobpeH |0 28 93% 66 58 83
MopobpeH |1 28 93% 66 61 87
MopobpeH | 2 27 90% 74 65 88
MopobpeH |3 27 90% 78 70 93
MNMopobpeH |4 26 87% 78 68 95
MopobpeH |5 27 90% 83 75 98
MopobpeH | 6 26 87% 85 76 99

3agadata. Ha owur. 14 ca nokasaHu nonyyvyeHnUTe pe3yntaTtn Mnpu Taka onucaHata

Han-HagexgHuaT nokasaTen 3a YCTOMYMBOCTTA Ha OOyyeHUTe MoOenu KbM
LWYMOBE W TPELUKM B CEH30PHUTE MOKa3aHUs, KakTO U 3a TaxHata obobuiasBalia
CnocoBHOCT, e ycneBaemocTTa UM NpU U3non3BaHe 3a U3NbfIHEHME Ha NnocTaBeHaTa

onuTHa noctaHoBka ¢ 0, 1, 2, 3, 4, 5 n 6 npenaTcTBUS.

1

YcneBaewocTt

00%

95%

90%

85%

80%

75%

70%

0

. £3308 Mofes

TeupaeHuma Ha 6a3oBua Mmoaen

3

Bpoit npenaTcTBus

4

s TopobpeH moaen

TeHaeHUMA Ha nogoBpeHUa Moaen

dur. 14. CpaBHeHWe Ha ycreBaeMoCTTa Ha MofennTe
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N npn pBata mogena ce HabnwgaBa BMCOKA M OTHOCUTENHO cTabunHa
ycneBaemMoCT MNpW BCUYKM eKCNepuMEHTanHW nocTaHoBkW. [logobpeHusat moaen
npesb3xoxaa 6Gas3oBuss Npu  BCekM Opon nNpenaTcTBMSA, KaTo pasnukata B
ycnesaemMocTTa Bapupa mexay 4% v 7% B nonsa Ha nogobpeHus mogern.

PesyntatmBHute cbCTosiHMSA Ha AMP npu HeycnewHo 3aBbplUEeHUTE enu3oau,
KPaMHOTO CbCTOSIHME Ha KOUTO € COMBbCBLK C NPensaTcTBME UMM U3TUYaHe Ha BpPeMeTo
(npwn rpannyHa ctonHocT oT 100 cTbnkK), ca Bu3yanuampaxHm Ha dur. 15.

14%
Z
12%
10% 7
8%
6%

4%

A AN HA HeyCnewH N ennus3oam

2%

%
7
%
Z
.
7
.
.
7
.
.
7
.
.

R

Z
7
!

0%

Bpoit npenaTcTBus

B M3T1u4aHe Ha BpemeTo: basos mogen M3TuuaHe Ha BpemeTo: MNogobpeH moaen
C6nbebK € npenaTcTeye: basos moaen CbnbeuK € npenaTcTeue: NMogobped mogen

®ur. 15. CpaBHUTENEH aHaNM3 Ha KpaHUTE CbCTOSIHWUS MPU HEYCMELLHO 3aBbpLUEHNUTE
enusoam

CbnbecbunTe NpefcTaBnsBaT OCHOBHATA NPUYMHA 32 HEYCNELHWU ennu3oaun u npu
apata mogena. 3a 6asoBust Mogen yectotata Ha cbnbebum Bapupa mexagy 10% u
13%, kaTO He ce HabniogaBa SICHO M3paseHa MOHOTOHHA 3aBUCUMOCT cripsiMo 6posi
npenarcteus. Npn nogodbpeHna mogen Yectotata Ha CONMbCBLLUM € NMO-HMUCKa OT Tasn Ha
0a3oBuns Mogen BbB BCUYKM NOCTAHOBKW OCBEH Npu 4 1 6 NpenaTcTBMA, KbAeTo ABaTa
Moaena umat egHakea CTOMHOCT (13%).

OT cbulecTBEHO 3HavyeHWe 3a onpefensHe Ha onTMManHocTTa e ga 6vbaar
pasrrnegaHn TpaektopumuTe Ha aBwXkeHue Ha AMP npu ekcnepyMeHTUTe C BCEeKUM OT
ABaTa mopgena. 3a uenTta ce cpaBHABaA CPpeAHUAT 6poKr CTLNKU NpU ONUTU C pasfnnyeH
Opon nNpenaTcTBUS, KakTo M MUHMMAIHUAT Opor CTbMKM 3a AoCTuraHe o uenta. Ha
dur. 16 ca nokasaHuM pasnuMKMUTe Mexay cpeaHust 6pon CTbMkM 3a  YyCnewHo
3aBbplUBaHe Ha enu3oanTe Npu gBaTta Moaena.
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®ur. 16. CpaBHeHNe Ha cpegHua Gpon CTbNKM Npu ABaTa Mogena

Mpn pobaBsAHe Ha nNpenaTcTBMS MbTAT Ha NPUABMXBaAHE CTaBa MO-AbMbl —
cpeaHo oT 67 po 87 cTtbnkn. BugHo e, 4ye nbTAT Npu NnogodbpeHnsa moaen e no-KpaTbk ¢
OKOMO 2 CTbMKM MpU BCAKA edHa OT MocTaHoBKMTE. Pasnukata He ce OTKposBa
€[MHCTBEHO B NOCTaHOBKaTa C 5 NpensTCTBUSA, B KOSATO CPEAHNAT OpOK CTHMNKM CbCTaBs
83 n npn gBata mogena. OT rnegHa Toyka Ha ONTMMAaNHOCTTa Ha TpaekTopuuTe 3a
BCSIKa NOCTaHOBKa, Ha dur. 17 e nokazaH MUHUMANHUAT BPON CTLMKU NPU pasfiMyeH
6pon npenaTtcTBuA. Pasnukata mexay ekcnepumeHtute ¢ 0 M 1 npenaTcTBue TyK ce
OTKpOSIBAT MO-ICHO — OpOAT CTLMNKM B HaW-KpaTKMTE TpaekTopuu ce yBenuyasaTt C
HapacTBaHe Ha MpenaATcTBMATaA B MNPOCTPAHCTBOTO. PasmepbT Ha TpaekTopuute 3a
AOoCTUraHe OO0 uenTta HapacTBa noctbnaTtenHo oT okosno 58 npu 0 npenaTcTBuA 4O 76
npu 6 NpenaTcTBUA.

80

75

.
| II I I
50 II II
0 1 2 3 4 5 6

Bpoit npenaTcTBus

=)
o [ o

MuHumaneH 6poit cTeNKK
(%3]
wu

W bazoB moaen M [MopgobpeH moaen
®ur. 17. CpaBHEeHNE HA MUHUMANHWA OPON CTLMNKK
OTKposiBaT ce No-rofieMn HapacTBaHUATA Ha MUHUMAITHUTE TPpaekTopun Npu 2 n
5 npenATcTBUA, KaTO pasnukaTta ce CbCTOM B OKOMNO 5 AOMBIHUTENHU CTbMKW. Tasu

pasnuka Ha MUHUManHUs GpPon CTBbMKU MeXAy ABaTa MoAena npu BCcsSka NOCTaHOBKa €
nokasaHa Ha dwur. 18.
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Bpoit npenATcTBUSA
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dur. 18. Pasnuka Ha MMHUMaNHUS 6poii CTHMKU NPU CpaBHsIBAaHE Ha MoAenuTe

TpaekTopuute Ha nogobpeHus mogen obMkHOBeHO ca ¢ 1 1 noBeve CTbIKK Mo-
KpaTkKn Te3uM Ha OT areHTa, YnMuTo OencTBua ce dopmumpaT oT ©HasoBusa Mogen.
M3knoveHne npasBuM camMo nocTtaHoBKata C 6 MpPensiTCTBMA, KbAETO NokasaHusiTa ca
egHakBu. OT ropemsnoXxeHOTO MOXe Aa Ce Hanpasu M3BOABLT, Y€ NPU yBENMYaBaHe Ha
Oposa npenaTcTBMA e(eKkTUBHOCTTa Ha 0a3oBMS Mogen HamansiBa no-psisko, AoKaTo
Tasn Ha nogobpeHus mogen 3anasBa YCTOMYMBOCTTA CU M MOKasBa 3HAYUTENHO MO-
cnabwu konebaHus B pe3yntatuTte.

KonuyectBeHaTta oueHka Ha TpaHcepa Ha mogenuTe OT CMMynauus KbM peanHa
cpefa ce 6asmpa Ha pesyntatuTe oT NPOBEAEHNTE EKCNEPUMEHTU, KOUTO ca 0606LLEHN
B Tabn. 5. OcHoBHaTa MeTpuKa 3a PyHKUMOHANHA NPUIIOXKMMOCT € ycneBaemocTTa —
OTHOCUTENHUAT AAn Ha enusoaute, npu kounto AMP poctura uyenta 6e3 cbnbecbk 1 B
pamMKnTe Ha oOnpegenieHoTo BpemeBO orpaHudeHve. B Tabn. 6 e npeacraseHo
CpaBHEHME Ha MoflyYeHuTe pesynTaTu B CUMynauuoHHa W duamyecka cpega Ha
6asoBua 1 nogobpeHna mogen.

Tabn. 6. CpaBHeHWe Ha TOYHOCTTA HA MOAENUTE B CUMYyNauusl U peanHa cpeaa

Mopen Cpena Cpenna ycrieBaeMOCT
Basos Cumynarus 90%
Peanna cpena 84%
Cumynarus 95%
IT
onoGpen Peanna cpena 90%

Pesyntatnte nokaseaTt, Ye M gBaTa Moena 3anasBaT BMCOKa yCneBaeMoCT npu
EeKCMEepPMMEHTUTE NpPU OUPEKTEH NPEeHOC OT CcuMynauuss KbM peanHa cpega 6e3s
AONbNHUTENHO oby4veHne. TOYHOCTTa Ha MogenuTe cnaga B peanHa cpeja ¢ 6% u 5%
CbOTBETHO Npu 6asoBus U nogobpeHnss mogen. Bbnpekn ToBa nogobpeHusaT mogen
3anasBa Nno-Bucoka abcontTHa ycneBaemMocCT B pearnHa cpega cnpsiMo 6a3oBusl, KOeTo
noTBbpXaaBa no-gobpara my obobuaBalwla cnocobHOCT.

44 WN3soau

B HacToswarta rmaBa e peanun3anpaHo MNpakTUYEecKO MnpeHacsHe Ha obyyeHuTe
mMogenu ot cumynauuoHHata 3D cpena BbB hm3myecka noctaHoBka ¢ yyactne Ha AMP
Yahboom RDK X3. EkcnepumeHTUTE nokasBaT, 4e 3a YycCreweH npexod Ha
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BMpTyanHaTa onMTHa NOCTaHOBKA B peariHa TakaBa ca Heobxoammu cnegHuTe CTbIKK,
AENCTBUS U UHCTPYMEHTU:

e [lpeunsHo KoHJUrypmpaHe Ha BXOOHUTE OaHHW Ha Mojerna B pearHa cpeja C
uen noBuwaBaHe Ha cnocobHocTTa 3a ob6obuwaBaHe OT HabnogaBaHu
CbCTOSIHUA B CMMYNaUnoHHa cpefa 00 HeHabnogaBaHu B peanHa cpeaa.

e [locTMraHe Ha BWCOKA TOYHOCT Ha OKOHYaTeNHWA Moaen 4pe3 oby4veHue cC
noacuneBaHe B CUMynauMoOHHa cpeda, KoATo TpsibBa pAga oTroBapa Ha
napamMeTpuTe Ha peanHaTta Takaea.

e OnTnmmuanMpaHe Ha KoHUrypauusaTa Ha apxutektypata Ha AMP B ROS2 ypes
cb3gaBaHe Ha Bb3nu aboHaTu 1 usgaTenu KbM HeobxogMmuTe 3a LenTa TeEMU B
yCTaHOBEH hopmaT Ha CbOTBETHUTE CbOOLLEHUS.

e HeobxooMmocT OT uanonssaHe Ha nomollHu npuctaeskm B ROS2, kato Rviz 3a
BM3yanuanpaHe Ha NpOCTPAHCTBOTO OT rnegHa Toyka Ha pobota m Rqt 3a
npeacraBsiHe Ha UANOCTHATa apXMTEKTypa, KOUTO €AHOBPEMEHHO crnomaraTt 3a
BM3yanu3auusa Ha LanocTHaTa cuctemMa M OTKpMBaHE Ha rPeLlkn, HETOYHOCTU U
HECBHOTBETCTBUSA B HES.

Bb3HWKHanuTe TpyaAHOCTM Npy NpeHacsaHe OT CUMYynauuoHHa B pearnHa cpeja ca
CBbp3aHu Haun-BeYe C rpelkn Ha curHanute, nonyvasaHu ot LIDAR u ogomeTtpuaTta. B
TO3M CMWUCBLI MPU eKcrnepumeHTUuTe ce YycTaHoBsABa, 4Ye oTtdntaHuaTa Ha LiIDAR
CbAbpXaT HENpPaBUIHU HYNEeBM CTOMHOCTU U PELIKN B OTYUTAHETO Ha pasCTosHUATA
A0 NPEenSaTcTBUSA, KOETO Hanara TaxHaTa AonbiiHUMTenHa obpaboTka u KoHUrypupaHe
npegu rnoryyaBaHe Ha KPamHOTO CbCTOsiHME. YnpasneHueto Ha AMP cbuwo Taka
n3nckea nepumoandHo kKanubpupaHe Ha brroBaTa M JIMHENHaTa CKOPOCT C uen
HamansBaHe Ha rpelwkiTe B ynpaBrneHueTo. PaspaboTteHaTta B pamMKnuTe Ha HaCTOALLMS
ancepTtaumoHeH Tpya codTyepHa apxutektypa B ROS2 ocurypsBa HagexgHa
KOMYHUKaUMA MeXay Bb3NuTe 3a CEH30pHW [AaHHW, Nnokanusauusd, ynpasneHue wu
BM3yanuaauus, KoeTo mno3sonsBa obpaboTka W peanusMpaHe Ha afanTuBHO
ynpasneHue Ha poboTa B peanHo BpeMe.

lMpoBeaeHn ca ekcnepyMeHTU ¢ pasnuyeH Gpon NPensaTcTBUA M € uarpageHa
MeToauka 3a aHanums Ha 6a3oBusa n nogobpeHnss Mogen vpes peguua METPUKK, B T.4.:
ycnex npu OOCTUraHe A0 UenTa, KpanHO CbCTOSIHUME Ha BCEeKW enn3o U ONTUMAarHoCT
Ha nonydyeHuTe TpaekTopuu. EkcnepumeHTanHuTe pesyntaTtu SACHO OTKposiBaT Mo-
edekTMBHOTO ynpaBneHve Ha AMP 4ype3 m3nonssaHeTo Ha mopgern, obyvyeH o no-
BUcoka TOYHOCT (95%) B cumynauusita, OTKONKOTO npu 6GasoBus mogen, obyyeH cC
ToyHocT 90%. B peanHa cpega nogobpeHMAT mMoaen mMma no-Bucoka obuia TOYHOCT
cnpsamo 6asoBusa: 90% cnpsmo 84%, KakTo U MO-KpaTKM TPAEKTOpUU Ha OBWXKEHME,
n3MepeHn 4ypes cpegHus Gpon ctbnkm B 180 ekcnepumeHTanHu enmsoga (78 npwm
nogobpexus n 76 npu 6asosus).

[MpoBeneHuTe ekcnepnumMeHTn ¢ puaundeckns AMP noTBbpKaaBaT Bb3MOXHOCTTA
3a ycrewHo npunaraHe Ha HaBurauMoHHa nonutuka, 6asmpaHa Bbpxy noaxoga DRL,
obyyeHa B cumynaumoHHa cpepa, 6e3 mM3nons3BaHe Ha NpeaBapuUTESNIHO CbCTaBEHU
kapth n GPS nosumumoHupaHe. HabnwogaBaHOTO OTKNOHEHWE Ha TOYHOCTTa Ha
MoZenuTe npu NpeHoc B peanHa cpega e -5% v npeacraBnsaBa yMepeHO NOHWXKEHME B
edeKTMBHOCTTa CrpsAMO CUMYMauUMOHHUTE pe3ynTaTuh, KOEeTO € O4vaKkBaHO npeasua
HanM4YnMeTo Ha CEH30peH LyM, HETOYHO MOAeNupaHa AuHaMuKa U akymynupaium ce
OOOMETPUYHN rpelkn. Bbnpekn ToBa KONMMYECTBEHWAT aHanui nokassa, 4e Tasu
pasfivka e orpaHuMyYeHa W He Bb3NpPenaTcTBa MpakTuyeckata MNPUNOXUMOCT Ha
NpeanoXeHoTo peLleHune.

MonyyeHuTe pes3yntatyu MnokasBaT, Ye npeasioxkeHaTa cuctema Moxe aa bvae
n3non3BaHa KaTo OCHOBa 3a pa3paboTBaHe Ha UHTENUIreHTHU HaBUrauMoOHHU MOAYNN B
poboTnsnpaHu nnatopmu, paboTeLim B yCrioBusa Ha AUHAMUYHa cpefa M orpaHudeHa
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CeH3opHa MHdopmauus. M3cneaBaHUAT noaoxod cb3dasBa NpeariocTaBkM 3a ObAeLlo
paswmpsiBaHe KbM MHOrOareHTHM CUCTEMMU, MHTErpauusi ¢ AOMbIHUTENHN CEH30pU U
aganTMpaHe KbM MO-CMOXHN HaBUTaLMOHHU CLIEHAPUMN.

HAYYHO-NMPUNOXXHU U NPUINTOXHU NPUHOCU

Hay4Ho-npunoXxHu npuHocu:

1.

PaspaboTeH e opurmHaneH mogen 3a aBTOHOMHa HaBuraumsa Ha MobuneH poboT
0e3 uanonsBaHe Ha nNpeaBapuTenHO u3rpageHn kaptm u GPS nosuumoHupaxe,
0asvpaH Ha nokanHo Bb3nNpuemMaHe Ha cpefarta 4pe3 Obliboko obyyeHue C
noacuneaHe, KOWTO no3BonsBa OpMMpaHe Ha YyCcToWuYMmBa HaBUraumoHHa
NONUTMKa B AUHaMMYHa 1 YacTUYHO Habnogaema cpefa.

dopmynupaH 1 ekcnepuMeHTanHo BanuaupaH € MoAer Ha 3aBMCMMOCTTa Mexay
BXOOHWUTE CEH30PHU MapaMeTpu, CTpyKTypaTa Ha (OYHKUMATA Ha Bb3HarpaxaeHune
N XapaKTepUCTUKUTE Ha HayvyeHaTa HaBWrauMOHHA MONUTMKA, KaTo e [oKasaHo
TAIXHOTO KIKOYOBO BNUsIHWE BbpXy Ge3onacHocTTa, NnaBHOCTTA M CTabunHocTTa
Ha OBVXEHUETO.

M3BbpweH e 3agbnbodyeH aHanmM3 Ha CXoAMMOCTTa M pobacTHOCTTa Ha
HaBuraumoHeH mogen, 6asvpaH Bbpxy metoga PPO, BknouyBal, KOnMyecTBeHa
OLEHKa Ha BIIMSAHMETO Ha KIIKYOBM XunepnapamMeTpu Bbpxy CTabunHoctta u
edeKTMBHOCTTa Ha 0OYYEHNETO B YCNOBUSA HA CTOXACTUYHOCT N CEH30PEH LUYM.

MpeanoxeH e mogmdumumpaH MexaHM3bM 3a e(PEeKTUBHO U3nona3esaHe Ha Oydep
Ha ONUT, KOWTO ONTMMWU3UpPa pasnpederieHNeTo Ha OobyuuTenHuTe W3BagKw,
ycKopsiBa CXOOUMOCTTa M MoBuULLABa TOYHOCTTA Ha HayyYeHaTa NonuTuka, KOeTo e
NOTBbPAEHO Ype3 CPaBHUTENHN EKCNEPUMEHTANHN pe3ynTtaTu.

PaspaboteH e aganTMBeH MeEXaHU3bM 3a AMHAMWYHO perynupaHe Ha CKopocTTa
Ha oOy4yeHune, KOMTO HamansiBa konebaHusiTa B MOCTUraHeTo Ha nogodpeHns u
noBuwaBa ctabunHoctTa Ha GasupaHna Bbpxy PPO anropytbm npu CroXHW
HaBUraALUNOHHU CLEHapUM.

MpWnNoXxHu NnpuHocCHU:

1.

PaspaboteHa e wHTerpupaHa cumynaumoHHa cpega (Flatland/Gazebo) 3a
nscnegBaHe Ha Haurauusita 4pe3 obyvyeHune C noAacunBaHe MNOCPEeACTBOM
peanuctudeH mogen Ha MmobunHa nnatgopma.

PeanuanpaHa e ekcnepMMeHTanHa cucTeMa 3a aBTOHOMHA HaBurauusi ¢
orpaHMyeH Habop CeH30opW, MpUNoXuMMa B  MHOYCTPUANHW  3aTBOPEHU
NpocTpaHCTBa.

N3rpageHa e peanHa ekcnepvMeHTanHa YycTaHOBKa 3a BanvaupaHe Ha
HaBUraLMOHHN NOMUTUKN Ype3 PU3nMYeckn poborT.
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4. YcnewHo e OCbLUEeCTBEH W eKCrepuMeHTanHo BanuaupaH npeHoc Ha obyyeH B
CUMynauMoHHa cpefa mMoaen KbM cuanyecka poboTmanpaHa nnatgopma, kato e
[AEMOHCTPUPaAHO 3amnasBaHe Ha HaBUraUMOHHUTE XapakKTEePUCTUKM U YCTOMYMBOCT
Ha nonuTnkaTa Npu peanHn prUan4eckn orpaHNYeHns 1 LyMoBe.

5. PaspaboTteHn ca MeTpukm 3a oueHka Ha B6e3onacHocTtTa M obobuiaemocTTa Ha
mogenu, 6asnpaHn Ha obyyeHne ¢ nogcunBaHe, B pearnHa cpeaa.

6. PeanuampaHa e cuctema 3a ynpasreHne Bb3 ocHoBa Ha ROS2, npemoHcTpupalua
Bb3MOXHOCT 3a HaMansiBaHe Ha XapgyepHaTa CrOXHOCT 4pe3 W3nofidaBaHe Ha
GrOaKETHU CEH30pW.
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DEEP LEARNING SYSTEMS FOR AUTONOMOUS MOBILE ROBOTS

Anastasiya Slavova

Abstract

This PhD thesis elaborates on the research, design, and implementation of
reinforcement learning algorithms for the navigation of autonomous mobile robots.

Chapter 1 provides a comprehensive introduction to the application of deep
learning, particularly deep reinforcement learning (DRL), in autonomous mobile robots
(AMRs). The chapter highlights the advantages of navigation without pre-built maps or
GPS, showing how reinforcement learning allows AMRs to adapt to unknown and
dynamic settings using limited sensor input. Several reinforcement learning approaches
for AMR navigation are analyzed based on practical and technical criteria such as
environmental complexity, learning stability, computational requirements, convergence
speed, experience efficiency, robustness, hyperparameter sensitivity, and task
applicability. The chapter concludes with a critical analysis of DRL methods, noting
strengths such as adaptive behavior without prior maps, and limitations including long
training times, high computational costs, sensitivity to hyperparameters, inefficient use
of experience, and challenges in transferring models from simulation to real-world
environments.

Chapter 2 presents the design and evaluation of reinforcement learning models
for autonomous navigation of a wheeled mobile robot in a 2D Flatland simulation
integrated with ROS2. The robot, equipped with a LIDAR sensor, is trained to reach a
target safely and efficiently, guided by a carefully designed reward function. Four
algorithms—DQN, A2C, TRPO, and PPO—are implemented, and their performance is
compared using various metrics. The results show a clear progression in performance
from value-based methods (DQN, A2C) to policy-based methods (TRPO, PPO), with
PPO achieving the best balance of convergence speed, training stability, and navigation
quality.

Chapter 3 describes the implementation and training of PPO navigation model for
the Yahboom RDK X3 four-wheeled mobile robot in a 3D Gazebo simulation integrated
with ROS2. The chapter covers setting up the 3D environment, creating accurate robot
and obstacle models, configuring sensors. The PPO algorithm is implemented, with
extensive fine-tuning of hyperparameters, neural network architecture, and learning
mechanisms. Key improvements include actor network residual connections, adaptive
learning rate adjustments based on agent progress, and a memory buffer system that
prioritizes recent and successful experiences. These enhancements significantly
increase training speed, stability, and performance, raising test episode success rates
from 90% to 95% and improving cumulative rewards and convergence speed.

In chapter 4 experimental tests were conducted in a real environment with
varying numbers of obstacles (0-6) to evaluate the performance of both the baseline
and improved models. Key metrics included episode success rate, trajectory optimality,
and number of steps to reach the goal. Results showed that the improved model
consistently outperformed the baseline, achieving higher success rates (90% vs. 84%),
shorter trajectories, and better robustness to sensor noise. The experiments confirmed
that policies trained in simulation can be effectively transferred to real-world scenarios
without pre-built maps or GPS, with only minor performance drops due to real-world
uncertainties.
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I. GENERAL CHARACTERISTICS OF THE DISSERTATION THESIS

Relevance of the problem

The relevance of the problem addressed in the dissertation is determined by the
rapid development of autonomous mobile robots (AMRs) and their increasing role in
industry, logistics, service activities, and operations in hazardous environments. Modern
manufacturing and warehouse systems require a high degree of automation, flexibility,
and safety, which places increased demands on the control and navigation methods of
AMRs. Traditional approaches based on pre-built maps and classical path-planning
algorithms demonstrate limitations when operating in dynamic and partially observable
environments, where real-time adaptation and robustness to uncertainty in sensor data
are required.

In this context, deep reinforcement learning has established itself as a promising
tool for achieving autonomous navigation without pre-built maps and without reliance on
GPS infrastructure. Despite significant progress in the field, unresolved issues remain
related to training stability and speed, the efficiency of utilizing accumulated experience,
the selection of appropriate architectures and hyperparameters, as well as the transfer
of trained models from simulation to real-world environments. These problems have
both theoretical and clearly defined practical significance.

The study gains additional relevance from the need to develop resource-efficient
solutions based on a limited set of sensors, such as LIDAR and odometry, in order to
reduce hardware complexity and deployment costs. The development and experimental
verification of a model for autonomous navigation in a real environment—using a
minimal sensor configuration and without relying on maps—constitute a significant
contribution to the advancement of intelligent, affordable, and practically applicable
autonomous mobile systems.

Purpose of the dissertation thesis, main tasks and research
methods

The purpose of this dissertation is to develop a control system for autonomous
mobile robots operating under uncertainty, based on deep reinforcement learning, which

ensures safe operation and demonstrates strong generalization capability when using a
limited set of sensor data.

The tasks for the thesis are:

1. Investigation and comparative analysis of the application of navigation models
based on the reinforcement learning (RL) approach, including their algorithmic features,
advantages, and limitations.

2. Selection, training, and experimental evaluation of an algorithm for autonomous
navigation in accordance with the defined criteria.

3. Investigation of the convergence of the proposed approach in navigation tasks.

4. Experimental evaluation of the applicability of the proposed models in a real
environment involving an autonomous mobile robot.

5. Systematic analysis of the robustness of the models when transferred from
simulation to a real physical environment.



Scientific novelty

The integration of architectural and algorithmic improvements in reinforcement
learning (a modified neural architecture, adaptive learning rate, and optimized use of an
experience replay buffer) leads to a statistically significant improvement in the
convergence, stability, and navigation efficiency of a wheeled autonomous mobile robot
compared to the baseline implementation of the algorithm, both in a simulation
environment and in a real physical setup.

Practical applicability

The practical applicability of the system developed in the dissertation lies in the
possibility of implementing autonomous navigation for mobile robots in real industrial
and service environments—such as warehouses, production halls, logistics centers, and
indoor spaces with complex layouts—without the need for pre-built maps or expensive
sensor infrastructure. The proposed approach, based on deep reinforcement learning
and the use of a limited set of sensors (LIDAR and odometry), enables the development
of more affordable, adaptive, and cost-effective robotic solutions.

Approbation

The results were validated through stepwise experimental verification in both
simulation and real environments. Initially, the proposed algorithms were trained and
comparatively analyzed in a two-dimensional environment using the Flatland simulator.
The most suitable model for the given task was selected, and its training was
implemented in a three-dimensional simulation environment using ROS2 and Gazebo,
where the influence of hyperparameters, neural network architecture, and reward
function on algorithm convergence and efficiency was also investigated. Algorithmic and
architectural improvements were made to the baseline model. Subsequently, both the
baseline and improved models were deployed and tested on a real robotic platform,
Yahboom RDK X3, with a series of experiments conducted in an enclosed space
featuring different obstacle configurations, evaluated using metrics such as success rate
in reaching the goal, trajectory optimality, and robustness in transfer from simulation to
real environment.

Publications

The main achievements and results of the dissertation are published in 7
scientific papers of which 4 are indexed in Scopus, 2 in IEEE while 1 are of single
authorship.

Structure and volume of the dissertation

The dissertation thesis has a volume of 151 pages, including an introduction, 4
chapters for solving the formulated main problems, a list of key contributions, a list of
dissertation publications, a list of citations to dissertation publications, and references. A
total of 105 literature sources are cited, 80 of which are in Latin script, while the
remainder are internet sources. The thesis includes 80 figures and 23 tables. The figure
and table numbering in the abstract corresponds to the thesis numbering.
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[I. CONTENTS OF THE DISSERTATION THESIS

Chapter 1. Deep machine learning in autonomous mobile robots —
application, current state, and challenges

1.1 Application of deep machine learning in autonomous mobile robots

A review of the application of deep machine learning in autonomous mobile
robots was conducted, describing the main methods used — convolutional neural
networks, recurrent neural networks, and reinforcement learning for decision-making,
control, and navigation. A classification of autonomous mobile robots according to their
operating environment is presented — ground, aerial, and underwater — with emphasis
on the integration of sensor systems and control algorithms based on deep machine
learning, enabling autonomous operation in complex and dynamic environments.

1.2. Advantages of navigation without pre-built maps and GPS, based on
reinforcement learning

The integration of reinforcement learning significantly expands the capabilities of
mobile robots, transforming them from executors of simple repetitive tasks into
intelligent, autonomous, and collaborative systems. Autonomous navigation in dynamic
and unknown environments is particularly promising, where traditional methods such as
SLAM and path planning algorithms may prove ineffective. Reinforcement learning
enables navigation without pre-built maps or GPS, allowing the agent to dynamically
adapt to obstacles and environmental changes using a limited set of sensors and local
observations. This approach ensures adaptability, robustness to noise, and the ability to
utilize sensory data under conditions of uncertainty, reduces dependence on external
infrastructure and hardware complexity, and provides a flexible and resource-efficient
alternative to conventional navigation methods, highlighting its significance for scientific
and practical applications.

1.3. Reinforcement learning — definition, advantages, and training strategies

Reinforcement learning enables the autonomous acquisition of optimal behavior
through iterative interaction with the environment. The approach is based on creating
agents that learn from the environment by interacting with it through trial and error and
receiving rewards (positive or negative) as a unique form of feedback. Emphasis is
placed on three main training strategies: direct, indirect, and hybrid approaches.

1.4. Construction of the reward function

The importance of the reward function for training deep reinforcement learning
agents in the navigation of autonomous mobile robots is presented, describing the
fundamental principles for its design — rewards for approaching the target, reaching the
goal position, and finding a shorter path, as well as penalties for collisions with
obstacles and exceeding time limits for task execution. Additional techniques are
outlined, such as goal-oriented orientation, time efficiency in reaching the target, and
movement smoothness, along with the use of human feedback to train desired
behavior.

1.5. Reinforcement learning approaches for navigation in autonomous mobile
robots

Several promising reinforcement learning approaches are considered. The
analysis of the presented models uses a set of technical and practical criteria reflecting
the constraints of the real system, environment, and task objectives, such as:
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1. Complexity and dynamics of the environment, including partial observability and
dynamic objects, and sensor noise (LIDAR, odometry);

2. Training stability, describing the algorithm’s sensitivity to unstable parameter
updates;

3. Computational resources required for algorithm training;

4. Convergence speed (training time), accounting for the need for fast-converging
algorithms in simulations requiring significant computational resources or in
experiments with physical environments;

5. Efficiency of experience utilization, determining the number of interactions with

the environment for each algorithm;

Robustness and safety;

Algorithm sensitivity to hyperparameter tuning;

Applicability to the given task — navigation in an environment with obstacles.

© N o

1.6. Generalized analysis of algorithms and challenges in using the DRL
approach for navigation

The deep reinforcement learning (DRL) approach provides a powerful tool for
autonomous navigation of mobile robots in complex and dynamic environments,
enabling adaptive behavior without pre-existing maps or GPS. Its main limitations
include long training times, high computational requirements, and sensitivity to
hyperparameters. Policy-based algorithms (such as PPO and TRPO) demonstrate
greater stability, efficiency, and applicability in real-world environments compared to
value-based algorithms (such as DQN). However, several significant challenges remain
unresolved: low efficiency in experience utilization and slow convergence in some
algorithms; strong dependence on a specifically designed reward function; limited
comparability between different studies; and insufficient research on transfer from
simulation to real environments when using minimal sensor configurations and
operating without pre-built maps.

Goal and tasks

Based on the above, the aim of the dissertation is to develop a control system for
autonomous mobile robots operating under uncertainty, based on deep reinforcement
learning, which ensures safe operation and possesses strong generalization capability
when using a limited set of sensory data.

The following main tasks have been formulated: conducting a comparative analysis
of suitable navigation algorithms; selection and implementation of an appropriate
simulation environment; development and tuning of a reward function; optimization of
the neural network architecture and hyperparameters; training and comparative
evaluation of models in 2D and 3D simulation; experimental verification of the improved
model in a real environment with analysis of its applicability and robustness.

Chapter 2. Selection of appropriate models for navigation of
autonomous mobile robots

2.1 Description and implementation of the simulation environment

The implementation of reinforcement learning for autonomous navigation of a
mobile wheeled robot in a two-dimensional simulation environment was carried out
using Flatland with integration through ROS2. The simulator supports physics, partial
observability, and first-person perception, enabling rapid prototyping and testing of
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algorithms using Python libraries. The architecture of ROS2 is described, including
nodes, topics, services, actions, and parameters, as well as tf2 for coordinate frame
transformations. The agent is represented as a differential two-wheeled mobile robot
equipped with a LIDAR sensor. The task of the robot is to find the fastest and safest
path to the target within an enclosed space. The reward function is defined in such a
way as to encourage quick and safe movement of the robot toward the goal.

2.2. Training and analysis of navigation models

The structures, neural network architectures, and hyperparameters used for
training four reinforcement learning algorithms — DQN, A2C, TRPO, and PPO — are
described. Training of each model is conducted in the same closed simulation
environment containing obstacles. The following metrics are used to analyze model
performance in solving the given task:

1. Cumulative reward per episode — measures the total accumulated reward for
each episode and indicates the agent’s progress in learning the optimal strategy.

2. Number of steps to reach the goal — evaluates navigation efficiency and task
execution time, where a reduction in the number of steps indicates more efficient
behavior.

3. Terminal states of episodes — classified as successfully completed episodes,
episodes with collisions with obstacles, or episodes due to time expiration, thus
evaluating the safety and reliability of training.

4. Success rate during testing — measures the accuracy and stability of the learned
policy during test iterations (for example, 90% success for PPO).

5. Dispersion of cumulative reward — evaluates stability and consistency of results
between episodes, where lower dispersion indicates a more reliable model.

2.3 Generalized analysis of the obtained results

A generalized statistical analysis of the algorithms is presented, considering
convergence speed, obtained rewards, episode duration during training, as well as
parametric evaluations for each algorithm (Table 12).

Table 12. Statistical analysis of obtained results

Indicator DQN A2C TRPO PPO Statistical
significance

Convergence speed 2814 1712 676 392 ;

(episodes)

Convergence

improvement vs. - 39% 61% 42% p<0.01

previous algorithm

Su.ccessfully completed 10 20 30 90 i

episodes (%)

Average reward -180.8 -119.2 150.4 170.6 p <0.05

Standard deviation of 5.4 423 352 8 362.1 i

reward




Average steps per

. 17.3 187.2 127.9 108.3 p <0.05
episode

Standard deviation of

20.5 41.5 57.4 52.7 -
steps

The results show a clear improvement in algorithm performance when
transitioning from value-based and actor-critic approaches (DQN, A2C) to policy-based
approaches (TRPO, PPO). The convergence speed increases progressively from DQN
to PPO, with the number of required episodes decreasing by 86%, from 2814 for DQN
to 392 for PPO. The success rate in episode completion rises sharply: from 10-20% for
DQN and A2C to 80% for TRPO and 90% for PPO, demonstrating greater stability and
reliability of policy-based approaches.

2.4  Conclusions

The comparative analysis of the DQN, A2C, TRPO, and PPO algorithms in a
two-dimensional simulation conducted in this chapter allows the formulation of clearly
substantiated scientific conclusions regarding their applicability to the task of
autonomous navigation. The study shows that the value-based approach, DQON,
demonstrates limited effectiveness, expressed in slow convergence, low success rates,
and negative average reward values, making it unsuitable for solving complex
navigation tasks in continuous and dynamic environments. Policy-based and actor-critic
approaches (A2C, TRPO, and PPO) exhibit significantly better performance across all
evaluated metrics. In particular, TRPO and PPO show substantial acceleration of
training, a sharp increase in the percentage of successfully completed episodes, and
significantly higher average reward values. This confirms the theoretical advantages of
direct policy optimization for tasks requiring stable and consistent behavior.

It has been established that the PPO algorithm demonstrates the best balance
between convergence speed, training stability, and the quality of the resulting navigation
policy. Compared to TRPO, PPO achieves similar or better results with significantly
lower algorithmic complexity and easier tuning, making it more suitable for practical
implementation and further extension. Based on these scientific conclusions, the PPO
algorithm has been selected as the baseline method for further research presented in
the next chapter. This choice is motivated both by experimental results and by the
possibility of effectively enhancing the algorithm through architectural and algorithmic
improvements to increase the efficiency and robustness of autonomous navigation.
Alongside the algorithm selection, the analysis also justifies the use of a two-
dimensional simulation environment for the purposes of the present study. Two-
dimensional simulation allows effective modeling of the main challenges in navigation —
obstacle avoidance, trajectory planning, and goal reaching — with significantly lower
computational complexity compared to three-dimensional environments. This creates
conditions for systematic experimentation, rapid model iteration, and objective
comparison of different algorithmic configurations without loss of generalizability of the
obtained results.

In the next chapter (Chapter 3), the implementation of the proven most effective PPO
model in a three-dimensional simulation with ROS2 integration is described. The
model’s functionality is fully implemented without the use of the SB3 library to ensure
maximum flexibility in modifying its structure and parameters. To achieve a realistic
simulation as close as possible to the conditions, physical characteristics, and sensor
data of the real device, a 3D robot model described via URDF is also used. This
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supports the subsequent integration of the trained reinforcement learning model into a
mobile four-wheel platform with mecanum wheels, Yahboom RDK X3, which has been
selected for experimental validation in a real physical environment.

Chapter 3. Training the navigation model in a three-dimensional
simulation environment

3.1 Description of the Gazebo 3D simulator and characteristics of the used
software

A description of the Gazebo simulator for 3D simulation of robot training using
reinforcement learning is provided, highlighting its capabilities for high-quality physical
simulation, support for various sensors and actuators, integration with ROS2, and
Python programming. The software components and libraries used for configuring and
training the robot (Yahboom RDK X3 with mecanum wheels and LIiDAR) are presented,
including PyTorch, NumPy, TensorBoard, and rclpy, as well as the role of RViz for
visualization and debugging.

3.2Preparation of the simulation environment

The overall preparation and configuration of a 3D simulation environment for an
autonomous mobile robot in Gazebo and ROS2 is described, including the following
steps:

1. Robot visualization — creation of a 3D model of the Yahboom RDK X3 using
URDF files, definition of links and joints, integration with RViz, and conversion to
SDF for Gazebo.

2. Construction of a simulated enclosed environment — creation of different
configurations with varying dimensions and obstacles for training the
autonomous mobile robot.

3. Troubleshooting in the simulation — correction of visualization, colors, camera
positions, and fixed components to match the real robot.

4. Control of the autonomous mobile robot in simulation — use of plugins for wheel
control and publishing data from LIDAR and other sensors via ROS2.

5. Positioning of the target and autonomous mobile robot in simulation — random
initialization of the robot’s and target’s positions within the simulation to enable
the learning of adaptive navigation policies by the agent.

Figure 47 presents a scheme of the implemented communication using the robot

control plugin in the Gazebo simulator.
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Fig. 47. Scheme of robot control in the Gazebo simulator.

3.3 Creating an RL training system
The RL training process is complex; in particular, training using the PPO method
includes the following steps:
1. Initializing the environment and agent with configured hyperparameters.
2. Setting the initial state of the environment to obtain initial observations.
3. For each update iteration:
a) collecting trajectory data of the agent’s movement;
0) calculating rewards for each step and state advantages;
B) repeatedly updating the policy and value functions based on the input
data;
r) saving relevant metrics to track training progress, as well as the best
model weights obtained so far.
A reward function for navigation purposes is defined based on encouraging
actions that lead to selecting a short and safe trajectory to reach the goal.

3.4 Training a navigation model using the PPO method

Experimental tuning and fine optimization of the hyperparameters and
architecture of the PPO model were performed to achieve more stable and efficient
training in the reinforcement learning environment. Specifically, key hyperparameters
were identified, such as learning rate, batch size, number of data collection steps,
number of optimization epochs, entropy coefficient, value function coefficient, policy
clipping range, and advantage normalization. To determine their influence on training
efficiency and algorithm stability, experiments were conducted with different
hyperparameter values. The results were analyzed by comparing the cumulative reward
over the last 100 episodes and demonstrated the impact of learning rate, batch size,
and the number of neurons in hidden layers on training quality. It was shown that for the
given task, it is advisable to use a lower learning rate, a larger batch size, fewer
optimization epochs, and a shallower network architecture. After numerous
experiments, the following hyperparameters were selected for training the PPO model
for the given task:
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Table 15. Hyperparameters used for training the PPO model in the 3D simulation
environment

Hyperparameter Value
Steps count 4096
Batch size 512
Number of epochs 3
Clipping range 0.2
Entropy coefficient 0.001
Generalized advantage estimation coefficient 0.99
Learning rate 0.003
Advantage normalization True
Value function coefficient True
Target Kullback-Leibler indicator 0.015

The characteristics of the indicators of the trained deep neural network using the
PPO model with all specified hyperparameters are shown in Fig. 55.
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Fig. 55. Progress of DNN characteristics during training: (a) cumulative reward
averaged over the last 100 episodes; (b) average entropy of the actor's action
distribution; (c) actor loss function; (d) critic loss function; (e) explained variance
coefficient of the critic; (f) measure of Kullback—Leibler divergence of the new policy; (g)
percentage ratio of clipped action probabilities relative to the total number of actions in
one batch; (h) percentage ratio of updated policies relative to their total number in one
batch.
The agent achieves optimal behavior with 90% accuracy between training

iterations after 9,000 episodes, with the average cumulative reward approaching 45.

3.4.3 Modification of the DNN architecture

To improve the training speed using the PPO method, the DNN architecture of
the actor was updated by adding an additional branch based on the residual
connections approach. The overall architecture of the actor's DNN is shown in Fig. 56.

Actor neural network

n(ag | sp)

:g;};: Dense Dropout Dense Dense Batch Dense ; | | 1
Relu — — = Relu p— norm [ Relu [— — Softmax —— |
a 128 0.1 128 128 128

Fig. 56. Actor DNN architecture with residual connection
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The described improvements to the DNN contribute to increasing the training
speed of the PPO model by discovering new relationships in the states. Essentially, this
causes the two branches to learn different representations of the input data, which are
subsequently summed and passed through the final hidden layer with 128 neurons,
followed by a Softmax activation function. The results of experiments with the described
architecture are shown in Fig. 57.

entropy

reward

episodes training iterations
Fig. 57. Training with the updated actor architecture using residual connections: left —

cumulative reward averaged over the last 100 episodes; right — average entropy of the
actor’s action distribution.

The training process accelerates after episode 6,500 and reaches its maximum
average value of 32 points over the last 100 episodes by episode 7,000. The same
value is reached by the baseline model 2,000 episodes later.

3.4.4 Refinement of the learning rate

In training the PPO model for the given task, experiments were conducted by
modifying the actor's learning rate and evaluating training progress. Progress is
determined by the agent’s performance over a specified number of recent episodes. A
flowchart of the process is shown in Fig. 59.

difference between
reduce the

) yes 20 training yes 20 iterations es the median of 5 v )
500 episodes——»_iterations from >*——ince the last leaming——»| | o\varde obtained ——>< difference < —4 learning rate by

the start rate change 50%
from the last 100 0
and 500 episodes

l no no no l no
. - yes yes increase the
continue training -3 < difference < 3 >=——<learning rate < 0.005 learning rate by

50%

W Ino |n0

Fig. 59. Algorithm for learning rate adjustment

The minimum threshold values are set for the number of elapsed episodes (500),
training iterations from the start of training (20), and iterations since the last learning
rate change (20). This ensures that learning rate adjustments occur gradually and
based on a larger sample of data. The difference between the median rewards of the
last 500 and 100 episodes is compared (20%). These threshold values were determined
experimentally and serve as hyperparameters of the algorithm. The statistical parameter
median was chosen to reduce the influence of reward dispersion when detecting
unknown states by the agent.
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When evaluating training progress, if the median reward decreases (difference
equal to —4), indicating a downward trend in rewards, the learning rate is reduced by
half. Conversely, when the agent is in a plateau phase and the reward function shows
no significant change (difference between -3 and 3), the learning rate is increased by
50% relative to its previous value. An additional constraint is introduced — the learning
rate must not exceed 0.005 to prevent excessively large weight updates. Thus, when
training progress slows or stops, learning rate adjustments are applied, while if progress
is observed and the reward curve is upward, training continues with the chosen rate.

Figure 60 shows the decrease in learning rate and the agent’s average reward
during training, compared with those of the baseline model.

rew ard
learning rate

120 60 200 240

episodes training iterations

a) b)

Fig. 60. Training using the learning rate adjustment algorithm: (a) cumulative reward
over the last 100 episodes; (b) learning rate changes.

Training the algorithm to 90% accuracy using the described learning rate
adjustment approach requires significantly less time — namely, 6,300 episodes with a

maximum reward of 60 points — compared to 9,000 episodes and a reward of 32
points.

3.4.5 Experience replay buffer

A new approach to experience storage is considered, based on the agent’s
performance in specific episodes and more efficient utilization of stored data. The
process is divided into three main steps: experience storage, formation of a training
sample, and memory cleanup. For this purpose, two experience buffers with different
purposes are created. The scheme of the process is shown in Fig. 61 and Fig. 62.
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Fig. 61. Process of storing the obtained experience
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Fig. 62. Formation of a sample from the buffers and memory cleanup

Each episode is stored with detailed data on observed states, actions,
probabilities, received rewards, and the final outcome. When a sufficient number of
steps is accumulated (4,096), a training sample is formed from both buffers by selecting
newer episodes and combining them according to the ratio of successful to
unsuccessful cases. After that, outdated experience is removed to ensure that the agent
always trains on the most recent data from the environment, thereby improving training
efficiency and adaptability. The results of the described approach are shown in Fig. 63.
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Fig. 63. Training process using the experience storage algorithm: (a) cumulative reward
over the last 100 episodes; (b) learning rate changes; (c) explained variance coefficient
of the critic; (d) loss function.
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The results of using the described memory buffer management method
demonstrate more efficient operation, as evidenced by the cumulative reward curve
compared to the baseline model — training progress occurs significantly earlier and
exhibits a more upward trend than in the baseline model.

3.5

adaptive learning rate, and utilization of stored experience.

Table 16. Quantitative evaluation of the comparative analysis between the baseline and

improved models

Generalized comparative analysis of the implemented improvements
Table 16 presents a generalized comparative analysis of the baseline model and
the proposed improved configurations, including modifications to the NN architecture,

sasefine | Modelwith | Model with '\i"n‘:d‘:(')\‘;‘g;h
Indicator modified NN adaptive P .
model . . experience
architecture | learning rate e
utilization
Convergence speed (episodes) ~9000 ~7000 ~6300 ~6100
SchessfuIIy completed test 90% 90% 90% 95%
episodes (%)
Average reward 40 53 51 62
Standard deviation of reward 10.8 10.3 9.7 10.1
Minimum entropy value 0.3 0.3 0.2 0.2
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Iteration at which minimum
entropy of actor action 210 70 68 53
distribution is achieved

Minimum actor loss function

-0.07 -0.05 0.01 0.05
value
Standard fjewatlon of actor 06 0.54 038 035
loss function
Minimum critic loss function 0.65 0.67 0.49 0.1
value
Standard .dewatlon of critic 0.73 0.82 0.56 0.23
loss function
Maximum explained variance 0.99 0.99 0.99 0.99

coefficient of the critic

Iteration at which maximum
explained variance coefficient 20 19 18 18
of the critic is achieved

In terms of training speed, an improvement is observed in all modified models
compared to the baseline model. While the baseline model reaches maximum success
of 90% after approximately 9,000 episodes, the model with a modified architecture
using residual connections and additional regularization of the actor's DNN improves
convergence speed by 22% (to 7,000 episodes) while maintaining the same success
rate in test episodes (90%). The additional introduction of adaptive learning rate results
in achieving the same success rate after 6,300 episodes, and the best results are
obtained with the model featuring improved experience buffer utilization, which trains in
approximately 6,100 episodes (a 32% improvement compared to the baseline model).
Furthermore, the achieved success rate in test episodes increases by 5% (95%)
compared to the baseline model (90%).

3.6 Ablation analysis of the improved model

To quantitatively evaluate the contribution of the proposed improvements to the
effectiveness of the PPO algorithm, an ablation analysis was performed. The main idea
of the analysis is systematic deactivation of individual components of the improved
model and measurement of their impact on training speed, algorithm stability, and final
agent performance in test episodes. The baseline reference is the original PPO model
with the initial actor and critic architecture, fixed learning rate, and standard experience
collection method. The results of the experiments are shown in Table 17.

Table 17. Results of the ablation analysis of the implemented improvements

. Max.
MOd.EI . Architectu Adap'tlve Imprqved Convergen Min. Average | achieved
configuratio learning | experience | ce speed
re change . entropy reward accuracy
n rate buffer (episodes)
(%)
Baseline
X X X ~9000 0.3 40 90
model
Without
architecture X v v ~8200 0.3 45 92
change
Without v X v ~7500 0.25 48 90
adaptive
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learning
rate

Without
improved
experience
buffer

v v X ~7000 0.25 50 90

Improved v v v ~6100 0.2 62 95
model (full)

The results of the conducted experiments demonstrate that each of the proposed
improvements independently contributes to enhancing the efficiency of the PPO
algorithm. The most significant impact on training speed is observed from the
modification of the actor’'s DNN architecture and the adaptive learning rate, while the
experience buffer management approach improves training robustness and stability.
The combination of all proposed improvements yields the best balance between high
training speed, stability, and improved accuracy.

3.7 Conclusions

This chapter examined the implementation of the reinforcement learning
approach in the Gazebo 3D simulation, involving a 3D model of the mobile four-wheel
robotic platform Yahboom RDK X3 with mecanum wheels and a LIDAR sensor. The
preparation of the system for autonomous navigation is a multi-step process and
includes the creation of a simulation environment, sensor configuration, tuning and
deployment of robot control with ROS2, and the development of a reinforcement
learning training system. The implemented simulation environment provides controlled
and reproducible conditions for training and testing reinforcement learning algorithms for
the given task.

The conducted experiments confirm the possibility of successfully training a
navigation policy using the reinforcement learning approach with LIDAR and odometry
data, without the use of pre-built maps. The combination of Gazebo with ROS2 and
Python offers a high degree of modularity, flexibility, and full control over simulation and
training processes.

Fine tuning of the PPO algorithm was implemented and a baseline model was
built, which is used for subsequent improvements of the algorithm. The achieved
success rate of 90% in testing confirms the scientific hypothesis about the high
efficiency of this approach for autonomous navigation tasks of mobile robots. Through
careful selection of hyperparameters, neural network architecture, and reward function,
stable learning and high decision-making accuracy of the agent were achieved.

A thorough analysis and experimental investigation of possibilities for improving
the PPO algorithm in the context of autonomous navigation were conducted. By
introducing architectural modifications to the DNN, adaptive learning rate, and an
enhanced mechanism for managing stored experience, a significant improvement in
training efficiency and stability was achieved. The results of the comparative and
ablation analyses show that each of the proposed improvements contributes
independently and positively to model performance. The implementation of residual
connections and normalization in the actor’s architecture improves training speed and
facilitates faster acquisition of the optimal behavior policy. Adaptive learning rate
adjustment based on training progress enhances process stability and reduces the time
required to reach optimal behavior. The use of a more efficient experience storage and
utilization mechanism improves model generalization capabilities, with test episode
success reaching 95%. Additionally, the improved model demonstrates a 32% faster
training speed, a 55% higher average reward, 5% better accuracy, and more stable
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behavior during training compared to the baseline model. Furthermore, analysis of
entropy and loss functions for the actor and critic proves earlier formation of a stable
policy. The critic successfully approximates the value function in all considered cases,
with the improved model achieving this in fewer iterations.

From a conceptual standpoint, the advantage of the proposed methodology
compared to established DRL navigation approaches lies in its systematic nature and
potential for integration and enhancement. A combination of targeted improvements is
proposed, addressing different aspects of the training process — speed, stability, and
data utilization efficiency. Compared to other DRL approaches that often require
complex tuning to achieve good results, the proposed methodology maintains the
stability and simplicity of the PPO algorithm while overcoming its limitations related to
convergence speed and homogeneous experience management. The conducted
experiments demonstrate that these improvements lead to faster formation of a stable
navigation policy. The described comprehensive approach also shows that navigation
efficiency improvements can be achieved not only by replacing the algorithm but also by
intelligently adapting and combining architectural and training mechanisms within an
established DRL paradigm.

The results achieved in simulation provide a foundation for subsequent
integration and testing of the model in a real physical environment, described in Chapter
4, where its generalization capabilities and robustness under real-world conditions are
also evaluated.

Chapter 4. Experimental research and analysis of the applicability of
the obtained model for autonomous mobile robot navigation

4.1 Technical description of the equipment used

For the purposes of the experimental studies, a robotic platform was used,
developed based on the open-source middleware ROS2. The RDK X3 controller serves
as the main computational unit, providing real-time data processing and execution of
complex computational tasks. The platform is equipped with high-performance
hardware components, mecanum wheels for complex movement capabilities, a LIDAR
sensor for distance measurement (time of flight, ToF) and mapping, and a 3D camera
(Table 18).

Table 18. General hardware parameters

processor

ARM Cortex-A53, 4 cores at 1.2 GHz

operating system

Ubuntu 20.04 and ROS-Foxy

SENSOors

LiDAR MS200, CSI camera, 3D camera

power supply

DC, 74V

battery life

3.5 hours

remote control

joystick, keyboard, mobile phone

communication

local network (LAN), access point (WiFi)

chassis material

aluminum alloy

safety

connection protection, short-circuit protection, rotor blockage

protection
external dimensions 236.11 x 181.10 x 184.9 mm
weight 1.93 kg
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4.2  Software configuration with ROS2 for navigation
For the experimental study, the following software was installed on the Yahboom
RDK X3 platform:
e operating system: Ubuntu 20.04.6 LTS;;
e robotic middleware package: ROS2 Foxy;
e Python 3.8.10 with the following libraries:
o PyTorch 2.4.1 — for deep learning;
o NumPy 1.24.3, math, squaternion — for mathematical computations;
e rclpy — Python client library for ROS2;
e ros-foxy-geometry-msgs, ros-foxy-nav_msgs, ros-foxy-sensor_msgs, ros-
foxy-visualization_msgs — ROS2 Foxy message packages.

For remote connection to the robot, the RealVNC remote desktop software was used for
both desktop and mobile devices.

The LIDAR MS200 sensor was configured with a measurement range from 0° to
360°, rotating counterclockwise, and a distance range from 0.05 to 20 m. The selected
signal transmission frequency is 10 Hz. LIDAR readings are published in the topic
MS200/scan. A schematic representation of the implementation is shown in Fig. 69.
One 360° scan is divided into 12 equal zones with a field of view of 30°, and the
minimum distance to obstacles is extracted for each of the six zones with indices [0, 1,
2, 9, 10, 11]. Thus, the LIDAR readings form a vector of six floating-point variables
describing the minimum distances to obstacles, evenly distributed across the frontal
section of the robot within a 180° angular range.

‘f““ BN ‘ \ ‘ \
Configuration of LIDAR readings as an input parameter of the algorithm

Data from odometry are obtained by combining IMU data read via ROS2 and
speed data. Figure 70 shows the implementation of robot localization using odometry.
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Fig. 70. Part of the message transmission architecture for localization purposes

At each step with specified linear and angular velocity, the mobile robot
configures the input data for the algorithm as described in formula (11).

St = 6 LIDAR readings + distance to the goal + orientation relative to the goal ()

Figure 71 shows the overall distributed architecture built in ROS 2, which
includes sensor readings (LIDAR), the motion controller, and localization algorithms,
together with  the  transformations implemented  for the  navigation
task.
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Fig. 71. Implemented communication architecture in ROS2

4.3 Experimental study of the applicability of reinforcement learning
algorithms in a real environment

The experimental setup in the real environment represents an enclosed space
with an irregular shape measuring 4 x 3.8 m, containing various objects (obstacles) of
different shapes and sizes. The autonomous mobile robot (AMR) is positioned at one
end of the enclosed space, while the goal is located 3.15 m away from it. Experimental
results are collected under conditions with 0, 1, 2, 3, 4, 5, and 6 obstacles in order to
analyze the performance of the baseline and improved models obtained in Chapter 3.
For comparative analysis of the trained models, the positions of the AMR and the goal
remain constant. Figure 75 shows the experimental setup with the maximum number of
six obstacles and a real photograph of the setup.
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a)

Fig. 75. Visualization of the experimental setup in RViz (a) and real environment (b) with
6 obstacles

The main indicators collected during the experiments were a boolean value for
successful episode completion, the minimum and average number of steps taken for
each episode, and the final state of the agent upon episode termination. Table 22
presents quantitative characteristics from the analysis of both models.

Table 22. Experimental results in the real environment

Model Obstacles Successf | Success rate | Number of steps per
count ul episode (for successfully
episodes completed episodes)
Avg. Min. Max.
Baseline 0 26 87% 68 59 85
Baseline 1 26 87% 69 63 86
Baseline 2 25 83% 76 68 88
Baseline 3 25 83% 78 73 92
Baseline 4 24 80% 80 73 96
Baseline 5 25 83% 83 76 98
Baseline 6 25 83% 89 76 98
Improved 0 28 93% 66 58 83
Improved 1 28 93% 66 61 87
Improved 2 27 90% 74 65 88
Improved 3 27 90% 78 70 93
Improved 4 26 87% 78 68 95
Improved 5 27 90% 83 75 98
Improved 6 26 87% 85 76 99
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The most reliable indicator of the robustness of the trained models to noise and
errors in sensor readings, as well as their generalization capability, is their success rate
in performing the given task. Figure 76 shows the results obtained in the described
experimental setup with 0, 1, 2, 3, 4, 5, and 6 obstacles.
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success rate
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------- Trendline of the baseline model «++++- Trendline of the impoved model

Fig. 76. Comparison of model success rates

Both models demonstrate high and relatively stable success across all
experimental setups. The improved model outperforms the baseline in every obstacle
scenario, with the difference in success rate ranging between 4% and 7% in favor of the
improved model.

The resulting states of the autonomous mobile robot in unsuccessfully completed
episodes—where termination occurred due to collision with an obstacle or time
expiration (with a limit of 100 steps)—are visualized in Fig. 77.
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Fig. 77. Comparative analysis of terminal states in unsuccessfully completed
episodes
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Collisions represent the main cause of unsuccessful episodes for both models.
For the baseline model, the collision frequency varies between 10% and 13%, with no
clearly defined monotonic dependence on the number of obstacles. For the improved
model, the collision frequency is lower than that of the baseline model in all setups
except for cases with 4 and 6 obstacles, where both models show the same value
(13%).

It is essential for determining optimality to examine the movement trajectories of
the autonomous mobile robot in experiments with each model. For this purpose, the
average number of steps in trials with different numbers of obstacles and the minimum
number of steps required to reach the goal are compared. Figure 78 shows the
differences in the average number of steps required to successfully complete episodes
for both models.

90
85
80
75

70

avg. steps count

0 1 2 3 - 5

[=)]
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Fig. 78. Comparison of the average number of steps for both models

When obstacles are added, the movement path becomes longer — averaging
from 67 to 87 steps. It is evident that the path of the improved model is shorter by about
two steps in each setup. The difference is not noticeable only in the configuration with
five obstacles, where the average number of steps is 83 for both models. Regarding
trajectory optimality for each setup, Figure 79 shows the minimum number of steps for
different numbers of obstacles. The difference between experiments with 0 and 1
obstacle is more pronounced here — the number of steps in the shortest trajectories
increases as obstacles in the environment grow. The trajectory length required to reach
the goal increases gradually from about 58 steps with no obstacles to 76 steps with six
obstacles.
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Fig. 79. Comparison of the minimum number of steps

Larger increases in the minimum trajectories are observed with 2 and 5
obstacles, where the difference amounts to approximately five additional steps. This
difference in the minimum number of steps between the two models for each setup is
shown in Figure 80.
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difference in steps count
w
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Fig. 80. Difference in the minimum number of steps when comparing the models

The trajectories of the improved model are generally one or more steps shorter
than those of the agent whose actions are determined by the baseline model. The only
exception is the configuration with six obstacles, where the results are identical. From
the above, it can be concluded that as the number of obstacles increases, the efficiency
of the baseline model decreases more sharply, whereas the improved model maintains
its robustness and exhibits significantly smaller fluctuations in performance.

The quantitative evaluation of model transfer from simulation to real environment
is based on the results of the conducted experiments, summarized in Table 22. The
main metric for functional applicability is success rate — the proportion of episodes in
which the autonomous mobile robot reaches the goal without collision and within the
defined time limit. Table 23 presents a comparison of the results obtained in simulation
and in the physical environment for both the baseline and improved models.
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Table 23. Comparison of model accuracy in simulation and real environment

Model Environment Average success rate
Baseline Simulation 90%
Real 84%
Improved Simulation 95%
Real 90%

The results show that both models maintain high success rates in experiments
during direct transfer from simulation to the real environment without additional training.
The accuracy of the models decreases in the real environment by 6% and 5% for the
baseline and improved models, respectively. However, the improved model retains
higher absolute success in the real environment compared to the baseline, confirming
its superior generalization capability.

4.4  Conclusions

In this chapter, the practical transfer of the trained models from the 3D simulation
environment to a physical setup involving the Yahboom RDK X3 autonomous mobile
robot was implemented. The experiments show that successful transition from the
virtual experimental setup to a real one requires the following steps, actions, and tools:

e Precise configuration of the model's input data in the real environment to
enhance generalization from observed states in the simulation to unseen states
in the real environment.

e Achievement of high final model accuracy through reinforcement learning in a
simulation environment that matches the parameters of the real one.

e Optimization of the AMR architecture configuration in ROS2 by creating
subscriber and publisher nodes for the required topics using the appropriate
message formats.

e Use of auxiliary ROS2 tools such as RViz for spatial visualization from the robot’s
perspective and RQt for displaying the overall architecture, which simultaneously
assist in system visualization and the detection of errors, inaccuracies, and
inconsistencies.

The difficulties encountered when transferring from the simulation environment to
the real environment are mainly related to errors in the signals obtained from the LIiDAR
and odometry. In this context, experiments revealed that LIDAR readings contain
incorrect zero values and errors in distance measurements to obstacles, which
necessitates their additional processing and configuration before obtaining the final
state. Control of the autonomous mobile robot also requires periodic calibration of
angular and linear velocity to reduce errors in motion control. The ROS2 software
architecture developed within this dissertation provides reliable communication between
nodes for sensor data, localization, control, and visualization, enabling data processing
and adaptive real-time robot control.

Experiments with different numbers of obstacles were conducted, and a
methodology for analyzing the baseline and improved models was developed using
several metrics, including: success in reaching the goal, final episode outcome, and
optimality of the obtained trajectories. The experimental results clearly demonstrate
more effective control of the autonomous mobile robot using the model trained to higher
accuracy (95%) in simulation compared to the baseline model trained with 90%
accuracy. In the real environment, the improved model achieves higher overall accuracy
than the baseline — 90% versus 84% — as well as shorter movement trajectories,
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measured by the average number of steps in 180 experimental episodes (78 for the
improved model and 76 for the baseline).

The experiments conducted with the physical autonomous mobile robot confirm

the possibility of successfully applying a navigation policy based on the reinforcement
learning (DRL) approach, trained in a simulation environment, without the use of pre-
built maps and GPS positioning. The observed deviation in model accuracy during
transfer to the real environment is -5%, representing a moderate decrease in
performance compared to simulation results, which is expected given the presence of
sensor noise, inaccurately modeled dynamics, and accumulating odometry errors.
Nevertheless, the quantitative analysis shows that this difference is limited and does not
hinder the practical applicability of the proposed solution.
The obtained results demonstrate that the proposed system can be used as a
foundation for developing intelligent navigation modules in robotic platforms operating in
dynamic environments with limited sensor information. The investigated approach
creates prerequisites for future expansion toward multi-agent systems, integration with
additional sensors, and adaptation to more complex navigation scenarios.

[ll. AUTHOR'S REPORT ON CONTRIBUTIONS

Scientific-applied contributions:

1. An original model for autonomous navigation of a mobile robot without the use of
pre-built maps and GPS positioning has been developed, based on local
environmental perception through deep reinforcement learning, which enables
the formation of a stable navigation policy in a dynamic and partially observable
environment.

2. A model describing the relationship between input sensor parameters, the
structure of the reward function, and the characteristics of the learned navigation
policy was formulated and experimentally validated, demonstrating their key
influence on movement safety, smoothness, and stability.

3. A thorough analysis of the convergence and robustness of a navigation model
based on the PPO method was conducted, including a quantitative assessment
of the influence of key hyperparameters on training stability and efficiency under
conditions of stochasticity and sensor noise.

4. A modified mechanism for efficient experience buffer utilization was proposed,
which optimizes the distribution of training samples, accelerates convergence,
and improves policy accuracy — findings confirmed by comparative experimental
results.

5. An adaptive mechanism for dynamic learning rate adjustment was developed,
reducing fluctuations in performance improvement and enhancing the stability of
the PPO-based algorithm in complex navigation scenarios.

Applied contributions:

1. An integrated simulation environment (Flatland/Gazebo) was developed for
studying navigation through reinforcement learning using a realistic model of a
mobile platform.

28



2. An experimental system for autonomous navigation with a limited set of sensors
was implemented, applicable in industrial enclosed spaces.

3. A real experimental setup was built for validating navigation policies using a
physical robot.

4. Successful transfer and experimental validation of a model trained in simulation
to a physical robotic platform was achieved, demonstrating preservation of
navigation characteristics and policy robustness under real physical constraints
and noise.

5. Metrics for evaluating the safety and generalization of reinforcement learning-
based models in real environments were developed.

6. A ROS2-based control system was implemented, demonstrating the possibility of
reducing hardware complexity through the use of low-cost sensors.

IV. LIST OF PUBLICATIONS RELATED TO THE DISSERTATION
THESIS

1. A.Slavova, V. Hristov, “Mapless Navigation with Deep Reinforcement Learning in Indoor
Environment,” International Scientific Conference “TechSys 2025” — ENGINEERING,
TECHNOLOGIES AND SYSTEMS, Plovdiv, Bulgaria, July 2025, DOI:
10.3390/engproc2025100063, http://techsys.tu-plovdiv.bg/ — Scopus.

2. A.Slavova and V. Hristov, "Policy Interpretation for Deep Reinforcement Learning", 2025
International Conference Automatics, Robotics and Artificial Intelligence (ICARAI),
Sozopol, Bulgaria, 2025, pp. 1-4, DOI: 10.1109/ICARAI67046.2025.11137898 — Scopus.

3. A.Slavova and V. Hristov, "Application of Reinforcement Learning in Autonomous Mobile
Robots", 2024 32nd National Conference with International Participation (TELECOM),
Sofia, Bulgaria, 2024, pp. 1-4, DOI: 10.1109/TELECOM®63374.2024.10812227 — Scopus.

4. D. Slavoy, V. Hristov and A. Slavova, "Distributed Machine Learning through Transceiver
Competitive Connectivity of Remote Computing Systems", 2023 International Scientific
Conference on Computer Science (COMSCI), Sozopol, Bulgaria, 2023, pp. 1-7, DOI:
10.1109/COMSCI59259.2023.10315948 — Scopus.

5. A.Slavova, D. Slavov and V. Hristov, " Research on Computer Vision models for Deep
Learning in Autonomous Mobile Robots", 2024 International Conference Automatics,
Robotics and Atrtificial Intelligence (ICARAI), Sozopol, Bulgaria, 2024, DOI: 10.1088/1757-
899X/1317/1/012011.

6. A. Slavova and D.Slavov, " Task Execution and Dynamic Re-Planning with a Mobile Robot
and Manipulator: A Real-Robot Study Using RDK X3 and myCobot 320 — Part 1", 2025
33rd National Conference with International Participation (TELECOM), Sofia, Bulgaria,
2025 — IEEE.

7. A.Slavova and D.Slavov, " Task Execution and Dynamic Re-Planning with a Mobile Robot
and Manipulator: A Real-Robot Study Using RDK X3 and myCobot 320 — Part 2", 2025
33rd National Conference with International Participation (TELECOM), Sofia, Bulgaria,
2025 — IEEE.

29



DEEP LEARNING SYSTEMS FOR AUTONOMOUS MOBILE ROBOTS

Anastasiya Slavova

Abstract

This PhD thesis elaborates on the research, design, and implementation of
reinforcement learning algorithms for the navigation of autonomous mobile robots.

Chapter 1 provides a comprehensive introduction to the application of deep
learning, particularly deep reinforcement learning (DRL), in autonomous mobile robots
(AMRs). The chapter highlights the advantages of navigation without pre-built maps or
GPS, showing how reinforcement learning allows AMRs to adapt to unknown and
dynamic settings using limited sensor input. Several reinforcement learning approaches
for AMR navigation are analyzed based on practical and technical criteria such as
environmental complexity, learning stability, computational requirements, convergence
speed, experience efficiency, robustness, hyperparameter sensitivity, and task
applicability. The chapter concludes with a critical analysis of DRL methods, noting
strengths such as adaptive behavior without prior maps, and limitations including long
training times, high computational costs, sensitivity to hyperparameters, inefficient use
of experience, and challenges in transferring models from simulation to real-world
environments.

Chapter 2 presents the design and evaluation of reinforcement learning models
for autonomous navigation of a wheeled mobile robot in a 2D Flatland simulation
integrated with ROS2. The robot, equipped with a LIDAR sensor, is trained to reach a
target safely and efficiently, guided by a carefully designed reward function. Four
algorithms—DQN, A2C, TRPO, and PPO—are implemented, and their performance is
compared using various metrics. The results show a clear progression in performance
from value-based methods (DQN, A2C) to policy-based methods (TRPO, PPO), with
PPO achieving the best balance of convergence speed, training stability, and navigation
quality.

Chapter 3 describes the implementation and training of PPO navigation model for
the Yahboom RDK X3 four-wheeled mobile robot in a 3D Gazebo simulation integrated
with ROS2. The chapter covers setting up the 3D environment, creating accurate robot
and obstacle models, configuring sensors. The PPO algorithm is implemented, with
extensive fine-tuning of hyperparameters, neural network architecture, and learning
mechanisms. Key improvements include actor network residual connections, adaptive
learning rate adjustments based on agent progress, and a memory buffer system that
prioritizes recent and successful experiences. These enhancements significantly
increase training speed, stability, and performance, raising test episode success rates
from 90% to 95% and improving cumulative rewards and convergence speed.

In chapter 4 experimental tests were conducted in a real environment with
varying numbers of obstacles (0—6) to evaluate the performance of both the baseline
and improved models. Key metrics included episode success rate, trajectory optimality,
and number of steps to reach the goal. Results showed that the improved model
consistently outperformed the baseline, achieving higher success rates (90% vs. 84%),
shorter trajectories, and better robustness to sensor noise. The experiments confirmed
that policies trained in simulation can be effectively transferred to real-world scenarios
without pre-built maps or GPS, with only minor performance drops due to real-world
uncertainties.
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