HAILIMOHAJIEH BOEHEH YHUBEPCUTET ,,BACUJI JIEBCKU*
OAKVIITET ,,APTUJIEPUS, IIBO U KUC*

27\
&

9700 rp. lllymen, y.. ,,Kapea Illxopnua“ Nel
Tesiedon: (054) 801 040; Ten.daxc:(054) 877 463;
email: decanat@aadcf.nvu.bg

acucTeHT MH:K. Baraagucias Muakos I'enoB

HUHTEI'PUPAHA HABUT'ATMOHHA CUCTEMA
3A YIIPABJIEHME HA BE3IIMJIOTHU JIETATEJIHU AITAPATH
C U3IIOJI3BAHE HA U3KYCTBEH UHTEJIEKT

ABTOPE®EPAT

Ha JIUCEPTALIMOHEH TPy 3a MPUCHKIaHE Ha
obpazoBarenHo-Hay4Ha ctemneH "JJOKTOP"
JlokTopcka nporpama 1o Hay4yHa CHEIMaTHOCT:
,»ABTOMATU3HPaHU CUCTEMH 32 00pabO0TKa Ha MH(QOPMANUS U yIpaBIeHHE
HAVYYHA OBJIACT: 5. TEXHUYECKH HAYKH

IMPOPECHOHAJIHO HAITPABJIEHME 5.3. KOMYHUKALIMOHHA U KOMITIOTBPHA
TEXHUKA

Hayuen pexoBoauTe:
Moan. gou. x-p nn:k. Kpacumup Orusinos CiiaBsiHoB
Hay4deH KOHCYJITAHT:

I'n. ac. g-p nnx. UBan Aranacos Ilonos

ITYMEH
2026



Juceprauuonnus Tpyn ce cbeTou oT 202 nucra
Bpoit Ha Tabmumure — 22

Bpoit Ha durypure — 34

Bpoii Ha npunoxenusta — 2

Bpoii Ha nuTepaTypHUTE U3TOYHUIH — 96

Bpoit Ha myGnukanuute no aucepranuira — 4

3amurara Ha JAUCEPTALMOHHUS TpyJ IIe ce cbcToM Ha _ . 2026 r. oT
Ha

MaTCpHaHI/ITe I10 3a1yTaTa ca Ha pa3lojI0KCHUE Ha HUHTEPECYBAIIIUTE CC B

Ha , TEJL.

JlucepTaliiOHHUAT TPyJ € OOCBICH Ha KaTelpeH ChBET Ha KaTeapa , KOMIIOTBPHM CHCTEMH M
TexHonorun” mpu dakynter ,, Apriiepus, [IBO u KMC” nHa HanuoHaneH BoeHeH yHHBepcHTeT ,,Bacin
JleBcku” — Benuko TbpHOBO Ha . .20... r., ¥ e HacpoueH 3a 3alluTa IpeJ HAy4IHO XYpH 3a

npugobuBaHe Ha 0Opa3oBaTeIHaTa U HayuHa crerneH “Jlokrop”.

JIOKTOpaHTBT € acCHCTeHT B KaTeapa ,,KOMIIOTBPHH CHCTEMH M TEXHOJIOTHH MpH (akylITer
Aprunepust, [IBO u KC” na Haunonanen BoeHeH yHusepcutet ,,Bacun Jlepcku” — Benuko TbpHOBO.
OcHOBHUTE H3CNE[BaHUA IO JMCEPTAlMOHHUA TPYyA ca NpPOBEJCHM B Pa3BOMHATa HpOrpaMHa cpeia

MATLAB/Simulink.

Aemop: unoc. Braoucnaé Munxoe I'enos

Tema: ,,HHmeepupaHa HasucayuoHHa cucmema 3a ynpdaejenue Ha Oe3nunomuY 1emameinnu anapamu c

»

U3NON36AHE HA U3KYCMEEH UHMENEKM
Tupasxc

Omnewamanna .. 20__ 2
Hz0amencku komnunexc na Hayuonanen eoenen ynusepcumem ,, Bacun Jlescku



I. OBIIA XAPAKTEPUCTUKA HA JTUCEPTAHUOHHUA TPY .

MoTuBH 32 pa3padoTKa Ha IUCePTALHOHHUS TPYA

I'mobanHoTo pa3BuTHE Ha aBTOHOMHHUTE Oe3mUI0THH setaTenHu anapatu (BJIA; anrn. UAV) ce
XapaKTepU3Mpa ¢ SICHO n3pa3eHa TeHJICHIUS KbM IIPEMHUHABaHe OT M30JMPAHN HABUTALIMOHHY AJITOPUTMH,
0a3upaHy HA CHITHO WICATM3UPAHU aHAIMTUYHH JOIIYCKaHUs, KbM HHTETPHPAHN HABUTAIIMOHHHU CUCTEMU
Y MYJITUCEH30PHO OLICHSIBAHE Ha ChCTOSIHUETO. B TO3M KOHTeKCT MeToauTe Ha MaMHHOTO 00yuenue (MO;
aHrin. ML) u ae160koTo 00ydeHHe ce U3M0a3BaT BCE MO-YECTO 33 MHTEPIPETALHs Ha CEH30PHU MOTOLH,
MOJIeIMpaHe Ha HEJIMHEHHM 3aBUCHMOCTH U IOJNOMAaraHe Ha MPOLECHOTO MOJCIMPAHE IPH CIOXKHO
roBezieHne Ha cucremara. O630pHH ImyOuKanuy B 001acTTa Ha IPUIOKEHHUATA HA ABJIOOKOTO 00ydeHHe
npu BJIA nomdepraBar HapacTBaiata pojisi Ha JaHHUTE W Ha MoOCjeJoBaTeiHaTta 00paboTKa B peasiHoO
BpeMe [IPU HaBUTALMOHHU U cpojuu 3agaun (Carrio, Sampedro, Rodriguez-Ramos, & Campoy, 2017).

Ha Ta3um ocHoBa wm3ciemoBartenckara JUHHUS ,,KaamaHoBa Qunrparus + HEBPOHHH MPEXH™ ce
YTBBPXK/aBa KaTo MPAKTUYECKH NOAXOM 32 KOMOWHHIpaHEe HAa CTPYKTYPHUPAHOTO BEPOSITHOCTHO OLICHSBAHE
(upe3 craHmapTHATA CXEMa NPOCHOZUPAHe—aKmyanusayus) ¢ o0ydaeMH MOJENM HA AWHAMMKA IIPU
YaCTHMYHO M3BECTHU WJIM HETOYHO 3aJaJIeHu nporuecu. [IpencraBurener mpumep 3a ToBa HalpaBJICHUE ca
HEBPOHHO mojmnoMorHarure KaimaHoBM MeTOonu, NpH KOUTO ce 3ama3Ba state-space CTpyKTypara Ha
OLICHUTEJIS], 4 YacT OT ONepalMuTe Wik Mojeiute ce yuat ot aaHuu (Revach, G., Shlezinger, N., Ni, X.,
Escoriza, A. L., van Sloun, R. J. G., & Eldar, Y. C., 2022).

AKTyaJHOCT Ha mpodJeMa

B penuma mnpakTHUecKM NPHIOKEHHS CbhC 3aBUIICHH W3UCKBAHUS KbM CHTYPHOCTTa |
HaJIeKAHOCTTA C€ HaJlara MOCTOSHEH MOHUTOPHHT Ha BB3JYIIHOTO NPOCTPAHCTBO U KOHTPOJ HA JJOCTHIIA
110 00EKTH ChC CTPATErMYECKO 3HaueHue. B Te3u ycnosus excruoatanusara Ha BJIA decto ce ocbluecTssBa
B CpeAa C JAerpaJupaHd WiId yMHUIUIeHO KommpoMmeTupanu GNSS curnany, BKIIOYHTETHO 4Ype3
3ariymaBade (jamming) u noxanpassHe (spoofing). BenenctBue Ha ToBa pobacTHaTa HaBUralus IIPH
HenocThieH uin komnpomerupan GNSS (GNSS-denied/compromised cpena) ce mpeBpbILa B ChIIECTBEHO
HHKEHEepHO 1 HayuHO npenusBukarenctBo (Elmas, Elif Ece; Alkan, Mustafa, 2024).

TlapasniennHo ¢ TOBa, HHTETpaLUATa MKy HHEpLHATHN HaBuraunoHuu cucremu (INS) u rmobanuu
HaBUTanMOHHM cITbTHUKOBH cucteMu (GNSS) ocraBa 6a30B moaxon 3a HaBuramus Ha BJIA, Twil xato
KoMOuHupa aBToHOMHOCTTa Ha INS ¢ gbiarocpounara cradbunHoct Ha GNSS. Bwrpeku ToBa TOYHOCTTA B
pexxumu Ha cuncienre (dead reckoning) ce orpannyaBa OT HAaTPYNBAaHETO Ha TPEIIKU, OOYCIOBEHH OT
rapaMeTpUTe U TeMIepaTypHaTa CTAOMIIHOCT Ha HHEepIuaHus u3MepBateneH 0ok (IMU), BkimrouuTenHo
npu MEMS IMU, koeTo npaBu cucteMaTa 4yBCTBUTEIHA IPU OTCHCTBUE HA BHHIITHU KOPEKIUH.

Lles u 3apa4n HA qUCEPTALMOHHUSA TPYI

OcHOBHaTa 11eJ1 Ha AMCEPTALMOHHMS TpyH € pa3paboTBaHEe M EKCIICPHUMEHTAJIHA IPOBEpKa Ha
WHTETpHpaHa HaBUrallMoOHHA cucteMa 3a bJIA, npu KosSTO aHATMTHYHUAT AMHAMUYEH MOJZIEN B paMKaTa Ha
KanmanoBata ¢untpanus ce [ONbJIBA WIM 3aMeCTBA C PEKYPEeHTHA HEBPOHHA Mpexa ¢ Jbira
kparkocpouna namer (Long Short-Term Memory — LSTM). Ilenra e mopuiaBaHe Ha TOYHOCTTAa U
YCTOHYMBOCTTA HA OLCHSABAHETO NPH HEMHEHHN AMHAMUKH, IPOMEHSIIH C€ IIYMOBU XapaKTEPUCTUKH U
nerpaganuu Ha GNSS curnanmre.

IIpousTnyanyTe OT HOCTaBEHATA LIe]I OCHOBHH 33/1a4H Ca:

1. Jla ce W3BBPIIM CpPaBHUTEIEH aHAIW3 HA CHBPEMEHHM HABHTALMOHHU MOJXOAM M METOAU 3a
UHTETpUpaHe Ha CeH30pHH AaHHU npu BJIA, ¢ akuent Bppxy orpanndenusra Ha KF, EKF u UKF
NPU HEJIMHEHHOCT ¥ HECTAIIMOHAPHH IIIyMOBE.

2. Ma ce popmManmu3mupaT IIOCTAaHOBKHUTE 3a MHTETPHPAHA HABUTAIMSA U J1a ce Ae(DUHUPAT KPUTEPUH 3a
OLICHKA Ha TOYHOCT, YCTOWYMBOCT U KOHCHCTEHTHOCT IIPU HAIWYEH, Jerpajupall u MpeKbCBalll
GNSS.

3. Jla ce cw3mamaT cMMyJalMOHHU cueHapud (BkimounteaHo GNSS 3ary6w, nrymoBu npodwid u
CMYILICHHS) U HAOOpH OT JaHHU 3a 00Y4EHHE U BaJIMIallysl.

4. Jla ce u3BBpIIM CPABHUTENICH aHAIN3 HA CHLIECTBYBALIUTE HEBPOHHU MPEXH U J1a C€ OCBLIECTBU
000CHOBaH HM300p Ha MOJXOAAIIA HEBPOHHA APXMTEKTYpa KaTo INPOLECEeH Mojen (MIM Kato



KOMITIOHEHT, IIO/IIIOMAralll IpoLeCHOTO MOJENIpaHe/afanTalusTa Ha HapaMeTpy) B CTPYKTypara
Ha (GUATPUPALINS AITOPUTBM.
5. Jla ce pa3zpabotu cumynanuoneH ekcnepruMeHT B MATLAB/Simulink 3a npoBexane Ha 4uciieHn
eKCHEePHMEHTH U cpaBHUTEIHA oneHKa crpsiMo EKF/KF u n3bpanu XuOpuIHU HOIXONH.
IIpenmer Ha AucepTALMOHHMS TPYA
Ilpenmer Ha H3CIEIBaHE ca AITOPUTMHTE U METOAUTE 33 OLCHABAHC HA HABHTAIIOHHOTO
cbCTOsiHME (MO3MIMS, CKOPOCT M opueHTtauusi) Ha BJIA upe3 mHTerpupaHe Ha CEH30pPHH JaHHH OT
INS/GNSS, kakTo M BKIIOYBAHETO Ha O0y4aeMH DPEKypEHTHH HEBPOHHM MOJCIM 3a MOAOOpsSBaHE Ha
HPOLIECHOTO MOAEJIUPAHE IIPU HEJIMHEHHOCTH, PEeKHUMHO-3aBUCHMO TIOBEACHWE M JerpajupaHu
H3MEpBaHUSL

CpencrBa 3a NOCTHIaHe HA LEJITa

3a mocTHraHe Ha LETa CE U3IION3BAT METOJH OT CTATHCTHYECKOTO OLCHABAHE M (DUITpamus Ha
CIIy4aifHU MPOLIECH, aHAJIM3 U MOJIEIUPAHE HA JUCKPETHOBPEMEBU TMHAMUYHU CUCTEMH, KAKTO U METOIM
ot u3KycTBeHus uHTenekT (M) 3a 00paboTka Ha IOC/IeOBATEIHY JaHHU ¥ alIPOKCHMAIHS Ha HEIHHEHHH
3aBucuMocTH. ExcriepumeHnTannara yact e peanuzupada B MATLAB/Simulink, BkirountenHo cpencraa 3a
CHMyJAIIMOHHO MOAENHpaHe, OOy4eHWe/BaIMIANUs Ha HEBPOHHH MPEXH M aHAIN3 HAa METPUKH U
HMHOBAI[IOHHY II0CJICJOBATEITHOCTH.

Havasnu ycjioBUS U JoNycKaHe

Pesynrarute ca HOMyYeHH B CHMYJIAlIMOHHA CPEZa M HOJUICKAT HA JOIBJIHUTEINHA IIPOBEPKA IIPU
HO-PEATMCTUYHH YCIOBHS, BKIIOUMTEIHO BapUallMi HA MapaMeTpH, Pa3jinuyHu Npo(UIM HA ABWKCHUE U
HECHOTBETCTBHS MEXKIY CHMYJALMOHHH U peanHu IaHHH. OLEHSBAaHOTO CHCTOSHUE B paslic[aHaTa
MOCTAHOBKA € OTPAaHMYEHO N0 MO3MLMS U JIMHEHHA CKOPOCT; OPUEHTALMOHHU CHCTOSHUSL M CHOTBETHH
METPHKH He ca BKIIOUCHH B CKCIICPUMEHTAIIHATA YacT, IOPaJU KOETO U3BOJUTE CIICIBA J]a CE THIKYBaT B
To3u obOxBar. I[IpeacTaBeHHTE KOMMYECTBEHH CpaBHEHHs ca (opmyiupanHu crupsmo 6azoB KamimaHos
¢buntep - pasmuper Kanmanos ¢untsp (Extended Kalman Filter — EKF) B pamkure Ha pasrienaHute
CleHapuM. Pa3mmMpeHo cpaBHEHHE C JONBJIHMUTEIHH (UITPU M XUOPHIHM CXEMH M3UCKBA OTIEIHO
eKCIIEPHMEHTATHO H3CIIE/[BAHE.

HayuHna HoBoCT

HayuHaTta HOBOCT Ce ChbCTOU B IIPEIOKEHA IOCTAHOBKA 32 XHOPUJHO HABUTAIIHOHHO OLICHSABAHE,
IIPH KOATO ce 3ana3Ba KanmaHoBaTa paMka KaTo CTPyKTYpHpaHa BEPOATHOCTHA CXEMa 332 HHTEIPUpPAHE Ha
U3MEpPBaHNs U OLEHSIBAHE HA CHCTOSIHUETO, a NPOLECHUAT (MIPEXOAHHUAT) MOJEI MM KIIOYOBU EJIEMEHTH
Ha IPOTHO3HATA CTHIIKA ce peanusupar upe3 o0ygaema LSTM apxurekrypa. Ilo To3u Ha4uH ce menu mo-
aJICKBAaTHO MPOLECHO MOJENUPAHE NPU HENMHEHHN PEKUMHU U IPOMEHSIIH Ce IIYMOBU XapaKTePUCTUKH,
BKIIOYNTENHO mpu pAerpagaruu Ha GNSS. ITogxoxbT € KOHLENTYaHO CBHBMECTHM C aKTyalHH
HamnpaBJeHHUs B HEBPOHHO mojnomorHarara KanmanoBa ¢unrpauns (namp. KalmanNet u pekypeHTHH
pasimpenus), HO € (oKycupaH BbpXy mnpuwioxumoctra npu INS/GNSS wnaBuranms Ha BJIA n
eKCIIepUMEeHTaJHa IpoBepKa B cumynamunonHa cpeaa (Revach, G., Shlezinger, N., Ni, X., Escoriza, A. L.,
van Sloun, R. J. G., & Eldar, Y. C., 2022).

IIpakTHYecKa NMOJIe3HOCT

IIpakTHueckaTa IOJIE3HOCT Ha pa3pabOTKaTa € CBBbP3aHA C H3TPAKAAHE HAa CHMYJIAIMOHHO-
opHeHTHpaHa co(TyepHa cpela 3a OlIGHKa Ha HaBUTAIlMOHHA TOYHOCT M ycroiumBocT mpu bBJIA.
Cucremara koMOuHUpa Knacudecku ¢punrpanuonnn 6iokose (KF/EKF/UKF) ¢ 06ygaem LSTM mognen 3a
MOZTIOMaraHe Ha IPOLECHOTO MOJENIUpaHe B cueHapuu ¢ mrymose, GNSS nerpajgannu ¥ npexbCBaHUS.
KoMnonenTute ca opraHu3upaHu MOLYJIHO (TeHEpUpaHe Ha CLICHAPHHU U JAHHU; GUITPALMs U UHTErpaLys
Ha M3MEpBaHKs; 00ydYeHUE M BaIMIAINI Ha HEBPOHHH MOJIEIIY; CPAaBHCHHE Ha MCTPHKHU U BU3yaJIH3aLlUN),
KOETO I03BOJISIBA IOETAITHO HAJArpaXkaaHe M Obp3a MpOBEpKa Ha PEIICHUs NPU Pa3IMYHU Npoduiii Ha
MHCHSATA U CEH30PHH XapaKTEPUCTHKH.

II. CTPYKTYPA HA JUCEPTALHUOHHMUSAT TPYA.

B nucepranusTa ca aHanu3upaHu METO/IM OT TEOPHSATA HA HABUTALIMOHHUTE CUCTEMHU U OT 00J1acTTa
Ha VU, ¢ akueHT BbpXY peKypEeHTHH HEBPOHHHU apXUTEKTYPH 32 MOJICIMPaHe Ha II0CIIeIOBATEIHU JaHHH 1
TAXHATa MHTErpalus B 3a7a4yd 3a OIIEHKa Ha ChcTOsiHMETO. Ha Ta3m ocHOBa e pa3paboTeH XuOpHIeH



HaBUTAIIMOHEH Mozel, mpy koiito LSTM ce u3non3Ba KaTo IpoueceH Mojen (WIK KIIOUOB €IEMEHT OT
Hero) B pamkara Ha KanmanoBa ¢uirtpanus, u € NpoBEIeH CPaBHUTENICH aHAIN3 NPH CHMYJIAlMOHHU
creHapuu cbe urymoBe, GNSS nerpanatuum u 3aryomu.

o B mpearoBopa ca mocoueHH MOTHBUTE 3a pa3pa0oOTKa, aKTyalHOCTTa Ha IIpoOieMa, IIenTa,
OCHOBHHTE 3aj1au¥, IPEJMETHT U CPEACTBATA, HAyYHATa HOBOCT M MPAKTHYECKATa IMOJIE3HOCT Ha
paspaborkaTa.

e B mbpBa rmaBa ¢ npeacTaBeH o030p Ha HaBuraluMoHHHTe cuctemu 3a BJIA u noaxoaute 3a
unrerpauus INS/GNSS u nonsiBamuy ceH30pH, KakTo M TeopeTHyHara 6aza Ha KammaHnoata
(unTpanys 1 OrpaHUYECHUATA U B PEATUCTHYHH YCIIOBHS.

o BwbB BTOpa ri1aBa e ananuzupano pa3putuero Ha MM noaxoqure 3a MOoJeIMpaHe U yrpaBlIeHHE Ha
nuHaMuyHU cuctemH, BKIountenHo RNN/LSTM/GRU, HeBpoHHH OOMKHOBEHH An(EPEHIIHMATHI
ypaBuenus (Neural Ordinary Differential Equations — Neural ODE) u croxacTuuHu
nudepeniuanau ypasaenus (Stochastic Differential Equations — SDE), u HeBpoHHO 1OJIIOMOTHATH
KanmanoBu MeTou.

o B Tpera riaBa e neduHMpaHO NPEUIOKEHOTO PEIICHUE U apXUTEKTYpaTa Ha XMOPUAHHUS MO,
BKJIIOYMTEITHO OCTAHOBKATA 3a JI0IIbJIBaHe/3aMsiHa Ha nporecHust monei ¢ LSTM, opranusanusra
Ha BXOJJHO-H3XOIHUTE BEIUYUHH, IPOLEIYPHUTE 110 00yYCHNE 1 KPUTEPUUTE 3 OLICHKA.

e B yerBbpTa IN1aBa ca onucaHU eKcriepuMeHTanHarta cpefa u cueHapun B MATLAB/Simulink,
HPEICTaBEeHH ca Pe3yITaTHTE OT YHCICHUTE EKCIEPUMECHTH U € HalIPaBCHO CPaBHEHUE HA TOYHOCT
n ycroiunBoct npu GNSS 3ary6u cnpsimo EKF/UKF u n3bpanu xubpuaHu mOAXOAM, KaToO ca
(hopMynupaHu U3BOIH 32 IPUIOKUMOCTTA K OTPAHMYCHHUSATA HA PEILICHHETO.

III. KPATKO CbABbP)KAHUE HA JUCEPTAIIMOHHUSA TPY /1.

I'IABA 1.
OBb30P HA CbBPEMEHHUTE TEXHOJIOI'A 3A UHTEI'PUPAHU HABUT' AIIMOHHUA
CHUCTEMM, BE3IINJIOTHHU JIETATEJITHU AITAPATH U U3KYCTBEH UHTEJIEKT .

1.1. Knacupukanus Ha HABUTAIMOHHUTE CHCTEMH Ha 0e3NUJIOTHH JIeTATEIHA anapaTH.

B cbBpemeHHaTa crenuanM3upaHa JIMTEpaTypa HaBUIALMOHHHUTE CHUCTEMH Ha OE3MHJIOTHHUTE
nerarennu anapatu (BJIA) Haii-4ecTo ce pa3riexaaT KaTo apXUTeKTYPH 3a OLICHsIBaHEe HAa HABUT'AIIMOHHOTO
CBCTOSIHUE, KOUTO KOMOMHUPAT CEH30PHU U3MEPBAHMS U AITOPUTMH 3a 00padoTka Ha naHHH. OcHOBHATa
UM LeJ € HAJASKAHO ONpeeisHEe Ha IOJOKCHHE, CKOPOCT W OpHEHTAlWs B JMHAMHYHA Cpela,
XapaKTepU3Mpalla ce ¢ IIyM, CMYIIEHHUs ¥ HOTEHLHAIHO BPAXKASOHH Bb3eiCTBHS.

Krnacugukanusara Ha HaBUTallMOHHUTE PELICHUS MOXE Jla C€ U3BBPLIU 110 PA3INYHU IPU3HALH,
KaTO Hal-IIMPOKO u3mosi3BaHuTe ca: (1) ocHOBeH MH(GOPMAIMOHEH W3TOYHUK, (2) HUBO Ha MHTErpalys
MeXy noacucTeMure u (3) cTerneH Ha aBTOHOMHOCT CIPSIMO BBHIUIHH HHPPACTPyKTypH. B pamkurte Ha
HACTOAIIATA CEKLHA ce pHeMa KIacu(HUKaIMs M0 JOMUHUPAILL M3TOYHUK HA HABUTIALMOHHA HH(OpMALHs,
IIPU KOSITO CHCTEMHUTE YCIOBHO Ce Pa3esiiAT Ha: MHEpIHaIHU HaBuraimoHuu cucremu (INS), cucremu Ha
0azata Ha r00anHM HaBUrauMoHHM crobTHUKOBH cucteMu (GNSS) u uHTerpupanu (XuOpumHH)
HaBUTAIIMOHHHU CHCTEeMU. IHTerpupaHuTe pelieHnss KOMOMHUPAT MHOXKECTBO H3TOYHHIHM Ha JAHHHU (HAIIp.
INS/GNSS, kamepa, LiDAR, 6apomerpu4Hd ¥ MarHUTOMETPUYHH H3MEPBaHHs, KapTOBa WM
paanobasupana MH(GOpPMANUs) Ype3 aIrOPUTMH 332 ONTHMAIHO OLEHSABAHE, KaTO IMMPOKO MPHIOKEHHE
Hamupar BapuanTu Ha Kanmanosa ¢untpanus (EKF/UKF), kakto 1 ONTUMH3aLMOHHH IOAXOAM (HAamp.
(hakTopHH rpadu) B 3aBUCHMOCT OT U3UCKBAHHATA 32 TOUHOCT M U3UYMCIUTEIICH PECYpC.

Hanuie e ordyernuBa TEHACHLUS 3a MPEXOJ OT SAUHMYHU CEH30PHH MOAYJIHM KbM HHTErPUPAHU
HAaBUTALMOHHHM PEIICHUs], ThI KAaTo B OOWIMS CiIy4yail OTIEIHUTE MOJCHCTEMH MMAT (yHIAMEHTAIHH
OrpaHHYCHHs TIPH peajHa eKcIutoaTalus. ToBa ce apryMeHTHpa ¢ HaTPYIBaHETO HA rpeiika (apeid) BbB
Bpemero nipu INS u yszBumoctTa Ha GNSS KbM CMyIICHUS, 3ary0a HAa CUTHAT M YMUIIUICHN BB3JCHCTBUS



KaTo 3arilylnaBaHe (jamming) u moanpassHe (spoofing) (Mahmoud & Trilaksono, 2018). CnenoBarenHo
NpexXoabT KbM XHOPHIHM apXUTEKTypH MOXE Ja Ce pas3riiek]a KaTo TEXHOJIOrHYHO 0O0OCHOBaHa
HEOOX0AUMOCT, 0COOCHO B CLIEHApUH C orpaHn4eHa mwin komrnpomerupana GNSS noctbnHoCT. 3a ga ce
000CHOBE TO3M MPEXO/] MO-ITBJIHO, € HEOOXOIMMO IIBPBO Ja Ce aHATM3UPAT IPUHLIUITUTE U OTPAHUICHUSATA
Ha MHEepLUAJIHATA HABUTALMSL..

Tasu Te3a ce moTBhpkIaBa M B u3cieaBanusta Ha Mahmoud u Trilaksono (Mahmoud &
Trilaksono, 2018), kouTo aKIEHTHPAT BHPXY (PYHIAMEHTATHUTE OTPaHUYCHUS Ha OT/ICTHUTE MOACUCTEMHU:
aKyMyJIHpaHeTO Ha rpeuikd BbB Bpemero npu INS u ys3Bumoctra Ha GNSS kbM cMyIeHus, 3aryba Ha
CHTHaJ WIM YMHIUICHHM aTakd KaTo 3ariyiiaBaHe (jamming) u noampassHe (spoofing) (Mahmoud &
Trilaksono, 2018). CnenoBaresiHo, JJOTHYECKUAT MPEX0J KbM XUOPUIHN HABUTALIMOHHH apXUTEKTYPH Ce
sIBSIBa TEXHOJIOTMYHA HEOOXOIUMOCT. 3a /la ce 0OOCHOBE HAIMIBJIHO TO3M MPEXOA obaue, € HEoOXOIUMO
MBPBO J1a C€ AHAIM3UPAT IPUHIUIUTE U OTPAaHUYCHUSATA Ha MHEPLUAIHATA HABUTALHSL.

1.2. KanmaHoBH (puJITPH — TEOPETUYHH OCHOBH.

KanmanoBusT punThp npeacrasisBa oOIUT peKypcuBeH belico anroputsm 3a punrpanus, ciuen
JIONyCKaHe, 4ye AMHAMMKaTa Ha CHCTEeMara M MOJCNBT HA HAONIOAEHHE Ce ONUCBAT C JIMHEWHH
nuepeHInaIHu U aIreOpUYHN YpaBHEHHUS] 1 BCHYKH IIyMOBE Ca C HOPMAJIHO (IayCoBO) paslpeieieHue.
IIpu Te3u ycroBust oLieHKaTa o KpuTeprs 3a MUHAMalHa cpeJHOKBaapaTrdHa rpemka (MMSE) moxe na
ce m3unciu ¢ Kanvanos ¢punTep. BaxkHO HEroBO MpeaUMCTBO €, Y€ MOXKE J1a U3II0JI3BA ITOYTH BCSKAKBa
uH(pOPMALHS OT HAJIUYHHUTE CEH30pH, HE3aBUCHMO KOJIKO YeCTO OOHOBSBAT JAHHUTE M KOJKO TOYHHU ca
HM3MEpPBAHUATA FIM.

Hait-o6110 KanmanoBara gpuitpaiys MOXKe J1a ce OIPEIeNn KaTo IPOLeC Ha ONTUMAJIHO OICHSBaHE
Ha ChCTOSIHUTA HA peajHa JUHAMHYHA CHCTeMa, paboTela o] BIMSHUETO Ha ClIy4aifHu cMymieHus. Ilo-
TOYHO Ka3aHo, KaJIMaHOBUAT QUITHP NpEACTaBIABA IMHECH PEKYPCUBEH allTOPUTHM, KOHTO PEKOHCTPYHpPa
HEM3BECTHUTE CHCTOSHHS Ha CHCTEMara OT HAaOJIIOAEHHS Ha 3allyMEHMS M M3XOJ B JAUCKPETHO PEATHO
Bpeme (ITomos, 2022).

JluHamMMKaTa Ha CHCTEMaTa Ce OIMCBA YPe3 JIMHEEH JUCKPETEH MOIEN IPE/ICTABeH C U3pasa:

Xp = Fkxk_l + Bkuk + kak' ( 1.18 )
KBJIETO X1,€ BEKTOPHT Ha CCTOSIHUETO B MOMEHT K, Uy, € YIPABJISBALLUAT BXOJ, @ W), € IIPOLIECHUSAT LIYM C
KoBapHairoHHa marpuna Q. Marpumure Fy, B, u GiomnucBar chb0TBETHO ANHAMHKATa HAa ChbCTOSHUETO,
BJIMSIHUETO HA YNPABIISBAILUTE BH3ACHCTBUS M HAUMHA, IO KOMTO MPOLIECHHUAT LIYM Bb3JEHCTBA BBPXY
cucreMara. M3MepBaTeHUAT MOJIEI Ce 3a/1aBa ChITIACHO:

Z, = Hkxk + Vi, ( 1.19)

KBIETO Zj; € BEKTOPHT Ha M3MepBaHMATa, Hj, e MaTpumata Ha H3MepBaTeNHUS MOIEN, a Vi €
M3MEpBATENHUAT IIyM ¢ KoBapuanus Ry.

AnropurbMbT Ha KanmanoBus GpuiTsp ce peanusupa upe3 peKypcHBHa MPOLEAYpa B ABa OCHOBHU
erarma. B TporHosHms eram ce W3YMCIABA alpHOpHATa OICHKA Ha CBHCTOSHUETO M CHOTBETHATa
KOBapHallMOHHA MaTPHULA:

i;: = Fk)’(\k—l + Bkuk,
P = FeP_ i FY + G Qi Gy

KoBapuanmonnara matpuua Pj, mpencraBisBa CTaTHCTHYECKAa MSpKa 3a YBEpPEHOCTTA Ha
MIPOTHO3HATa OIIEHKAa M OTpa3sBa HATpPyIlaHATa HEONPEIEJICHOCT BCJIEACTBHE Ha MPOLECHUS IIyM H
JMHAMHKATa HA CHCTEMATa.

IIpn Hanmume Ha W3MEpBaHE c€ W3BBPIIBA KOPEKIMOHHHAT €Tal, IPH KOWTO NpOrHo3ara ce
aKTyaJIM3Hpa 4pe3 NHOBALMOHHHUS BEKTOP U KOS(HUIMEHTa Ha ycuiBaHe Ha Kanman:

(1.20)

-1
— p-HT -gT
Ky = P Hy (HkPk Hk+Rk) ,
ik = )’(\I; + Kk(zk—HR)’(\;), ( 1.21 )
Py = (I-KiHy )Py .
KanmanoBusat koeduiuenT Ha ycunBane K; u3mbiaHsBa ponsdTa Ha TeragoBeH (akTop, KOiHTO
GamaHcHpa BIMSHHETO HAa M3MEPBAHHUATA CIPSIMO TPOTHO3aTa Ha Mojena. IIpu Hucka M3MepBaTenaHa



HEONPE/ICJICHOCT KOPEKIMATA C€ JOMHHUpA OT U3MEPBAaHUATA, JOKATO IIPH BUCOKA IIyMOBAa KOMIIOHEHTA
GUITHPBT pa3ynTa B MO-rOJIsIMA CTEIICH Ha TUHAMUYHHS MOJICII.

Ta3u GopmanHa CTPyKTypa OCHUTypsiBa CTaOMIIHA M ONTHUMAJHA OIICHKA MPU JIMHEHHU CUCTEMH C
rayCoBH IIyMOBE M IIPEJCTaBIIsIBA TEOPETUYHATA OCHOBA, BHPXY KOSTO CE M3TPaXIaT Pa3IIMPEHUTE U
xuOpuaHUTE BapuaHTH Ha KanmaHoBara ¢uirpanus, pasriexnand B cieasamute noapasaenu (ITomos,
2022).

1.2.1. Pazwupen Kanmanoe punmvp (EKF) — nuneapusayusn na Heauneinu cucmemu.

B peanHn HaBUraMOHHM IPWIOXKEHUs JUMHAMMKATa HAa CHCTEMara W W3MEpBATEIHUTE
3aBUCHUMOCTH PSIIKO MOTaT Ja ObJaT OMMCAHH Ype3 CTPOro JMHEWHN Moeiu. ToBa Hanara U3IoJI3BaHEeTO
Ha pasmmpenus Kanmanos ¢guntsp (Extended Kalman Filter — EKF), koiito npezcrasisiBa 06001ieHre Ha
Kiacudeckus: KaimaHoB QUITHp 3a HEMHEHHU CHCTEMH upe3 JIOKalHa JIMHeapu3alus OKOJIO TeKyllaTa
OLICHKA Ha ChCTOSIHUETO. HeNMMHEHHUAT qUCKPETeH MOJIeN Ha CHcTeMara ce 3a/1aBa BbB BUA!

X = f(xk—lﬁuk) + kak' ( 1 22)

z, = h(xy) + vy, :
kpaeto f() u h(-) ca HenumHelHM (GYHKIMH, ONHMCBAIIM CHOTBETHO IMHAMHMKATa Ha CHCTOSHHETO U
u3MepBaTeNHus mpouec. [IpOLECHHAT W W3MEPBATEIHUAT LIYM 3aras3BaT CHIIUTE CTATUCTHYCCKU
JIOIYCKaHUsl, KaKTO Npu Kiacudeckus: Kanmanos Gpuiatsp.

OcHoBHata uzaest Ha EKF ce cbcToM B anmpokcHMEpaHe Ha HEJMHEHHHUTE (YHKIHUU 4Ype3 MbPBUS
4JieH Ha peaa Ha Telrbp, pa3BUT OKOJIO TEKyIaTa aloCTepHOPHA OLICHKA HA ChCTOsIHUETO. ToBa Boau 110

L[e(bI/IHPIpaHC Ha SIkoOMaHuTe Ha JAUHaAMHWYHaTa U U3MepBaTeiHaTa q)yHKHPISIZ
of Jh
F

H,, =&|ﬁ;. (1.23)

= 5% e

Crnen Tta3u nuHeapusanusi nporHozHust eran Ha EKF ¢opmanno 3ama3Ba cTpykrypaTa Ha
KJTaCHYeCKHUs QUITHP:

Ry = fRe-1, ), (1.24)
P; = FP i Fy + G Qi Gy. )

KopekuroHHHAT eTar chlo cienBa cranaaptHata KanmaHoBa cxema, karo usnonssa SlkoOuana
H,, B7Mecro nuHeitHa u3mepBaTenHa Marpuuna. [1o To3u Haunn EKF mo3BosisiBa 00paboTka Ha HEIMHEHHH
CHCTEMH, KaT0 KOMOMHHpPA HEJIMHEHHA IIPOTHO3a ChC CTATUCTHYECKH ONTHMAIHA KOPEKIHS.

Bomopekun mupokoro cu  mpuioxenue, EKF mnputexkaBa CHIIECTBEHH OTpaHUYCHUS.
Jluneapu3arusaTa € BAIMAHA CaMO JIOKAITHO W MpPEAMNoJiara MajKid OTKJIOHEHHUS! OKOJIO paboTHaTa TO4YKa.
Ilpu cunHO HenMHeHHa AMHAMMKA WM NpH Obp3u MaHeBpU SIKoOMaHMTE MOraT 1a ce OKaXkaT JoIIa
arnpoKCHUMAIIKs, KOSTO BOJH JI0 CHCTEMaTHYHU IPELIKU U JIOpH JI0 3aryba Ha yCTOMYMBOCT Ha (QUITBpa.
JIObIIHUTEITHO, M3YHCIISIBAHETO HA aHAJIMTHYHH SIKOOMaHK yCIOXKHSABA peau3alusTa U yBeJiMyaBa pucka
OT MOJICJTHI HETOYHOCTH, OCOOEHO TIPH CJIOHU MHOTOMEPHHU CUCTEMH.

Tesu orpanudeHus ca siCHO UISHTUGUIMPAHH B Kiacudyeckute npuioxenns Ha EKF 3a naBurauus
Ha MOJBIKHM IUIATOPMU ¥ IPEACTABISIBAT OCHOBHA MOTHBAIMS 32 THPCEHE HA AJNTEPHATHBHU WM
XUOPHUAHU METO[M, TIPU KOUTO HEeNMHEHHaTa IMHAMUKA Ce OIMMCBA 4pe3 o0ydaeMH MOJEINH, a HE 4pe3
aHanuTH4yHa JnHeapu3anus (Ilomos, 2022).

1.3. OrpannyeHus Ha KJ1acHyeckure u pasmupenu Kaavanosu ¢puiarpu.

BpIpexn MHUPOKOTO CH MPHIOKEHUE U JOKazaHaTa cH edeKTHBHOCT, knacudeckute KanmanoBu
GuNTPU U TeXHUTE pa3lIMPEHN BAapUAHTH IPUTEKABAT peauua (HyHIAMEHTAIHU OrPaHHYEHUS, KOUTO CE
HpOsBSABAT OCOOGHO SCHO NpPM HABUTALMOHHH 3aJa4yd 3a OC3MMIOTHH JIeTaTeIHH amapaTu. Tesu
OTpPaHMYEHHUS He ca CIeJICTBUE OT HENPABHUIIHA Pealu3aliis, a IPOU3TUYAT TUPEKTHO OT MaTeMaTHIECKUTE
MPEeAIOCTaBKY, BbPXY KOUTO € U3rpajieHa TeopusaTa Ha Kanrmanosata Guitpanus.

Ha nbpBo MmscTO, Becuuku BapuanTH Ha KanmanoBust ¢GuATBp mpeamnonarar, 4e AHHAMHYHHSAT
Mo/ieJl Ha CHCTEeMATa e H3BeCTeH H aJeKBaTHO ONHKCBAa peajHaTa (pu3KKa Ha npoueca. IIpu muHedHns
KanmanoB ¢untep ToBa H3uCcKBaHe ce (opMyJsHpa upe3 MaTpuuuTe Ha npexozxa Fu ympasnenuero B,



nokato npu EKF n UKF cemara pons ce u3nbiHsABa OT HenuHeilHata (ynkuus f(-). B peamrnn
HaBUTAlIMOHHU CHCTeMH obaue auHamukara Ha BJIA e cunHo HenuHelHa, 3aBUCHMA OT aepOAUHAMUYHU
edexTu, TypOyJeHTHOCT, BUOpALIMH 1 TPOMEHIIMBH PEXKUMHE Ha YIIPaBJICHHE, KOUTO TPYIHO MOraT J1a Obaar
ONMCaHU ¢ GHKCUPAH aHAIUTHYEH MOJIeNL. B pe3ynTaT Ha ToBa BB3HIKBA CTPYKTYPHA IPelliKa Ha MojieJIa,
KOSITO HE MOXKe J]a Ob/le KOMIICHCHPaHa eIMHCTBEHO Upe3 HaCTPOKKa Ha IIyMOBUTE KOBAPUAIINH.

Bropo chiecTBeHO OrpaHNYEHHE € CBhP3aHO C HIYMOBHTe AomyckaHus. Kiacudeckara teopust
Hpe.rnosara raycoBu, 0eay U CTallMOHApHHU IIyMOBE KaKTO B IPOLECHUS MOJIEN, Taka U B U3MEPBAHUATA.
B npakrukara Ha INS/GNSS HaBuTanusara Te3u ycloBHs pSAAKO ca n3nbiaHeHH. [IlyMbT Ha nHEpUMaTHNUTE
CEH30pH TPOsIBSBA TEMIIEpATypHA 3aBUCHUMOCT, peiid 1 kopenupanu kommnoHeHTH, a GNSS n3mepBanusTa
ca MOIOXKEHH Ha JIeTpaaliii, MHOTOJIbYEBO pa3npocTpaHeH e Ha curnana (multipath) u BHe3amnHu 3aryou
Ha curHai. [lpu TakuBa ycnoBust ¢ukcupanute mMatpuud Q u R BOmAT 0 HEKOpeKTHa OLCHKa Ha
HECHT'YPHOCTTA U JI0 CyOONITUMAIIHO ITOBEJICHUE Ha QHITHPA.

Jonbsnuautenno, npu EKF Bb3HUKBAT mpoOiiemMu, CBbp3aHU C JHHEHHATa ampoOKCUMANMsA Ha
HeJMHeliHaTa IMHAMHUKA. SIKoOnaHnTe ce M3YMCIIBAT OKOJIO TEKYIIaTa OIIEHKA Ha ChCTOSHHETO, KOETO
O3HayaBa, Y€ MpU MO-TOJIEMH TPEIIKH WM NPH CHIHO HEIMHEHHH DPEKMMH almpOKCHMALHMATa CTaBa
HeTouHa. ToBa MOe Jja ToBeE 10 HecTaOMITHOCT, 3a0aBeHa KOHBEPI€HIINS WIIH JIOPH 0 JUBEPTEeHINS Ha
¢untepa. Makap UKF na penyuupa BIMSHHMETO Ha TPELIKMTE OT JIMHEHHATa ampoOKCHMalHs upe3
mpeobpa3yBaHe 1Mo MeToga Ha curma-toukute (unscented transform), TOM CBIIO OCTaBa 3aBHCHM OT
KOPEKTHOCTTa Ha aHAJIMTUYHHS MOJEN ¥ OT NPaBWIHUS M300p Ha MapaMeTPUTE HA CUTMa-TOYKHTE.

ChllecTBEeH acleKT npu HaBuranusta Ha BJIA e noBegeHHeTo Ha OLICHUTENHUTE QUITPH B PEKUM
Ha cuncienue (dead reckoning), koraro abcomoTHuTe n3MepBanus (Hanp. GNSS) BpeMeHHO 0TChCTBAT. B
TAaKUBa CIy4yal KOPEKIUATA OT aOCONIOTEH M3TOYHUK € HEJOCTBIIHA M OLCHSIBAHETO CE ONUPa MPEIUMHO
Ha MpolECHaTa IUHAMUKA M HHEPLMATHUTE M3MEPBaHUs, IOpagu KOETO TIpPEeIIKHTe OT Tuml bias,
HECTAlMOHAPHU IIyMOBE M HECHOTBETCTBUS Ha MOJENa Ce aKyMyJIHpaT BbB BPEMETO U BOAAT 10
HapacTBalla rpelika B Mo3UIMATa U ckopocTTa. O030pHH H3ClIeIBaHNs 10KA3BaT, Ue IPU NMPOJbIKUTEIHN
GNSS-ornazanus ¥ CUIIHO HENUHEHA AMHAMUKA KIIACHYECKUTE (PUITPALIHOHHH CXEMM MOTraT Jia IPOsIBAT
CBIIECTBEHA JErpajiallisl HAa TOYHOCTTA WM/MIM KOHCHUCTEHTHOCTTA, KOETO MOTHMBHMpPA H3IION3BAHETO Ha
YCTOHYMBY U alallTUBHU NTOJXOMU.

Bceuuku pasriejaHu orpaHHYeHHs1 O4epTaBat sCHO, Y€ Npo0JIeMbT He € B camaTa (QHITpalMoHHA
paMka Ha KanmMaHOBUS NOAXOM, @ B HEBB3MOKHOCTTA HA AHATMTHYHUSA JMHAMHYEH MO/Je] /1a yJI0BH
CJI0KHUTE, HeJIMHEHHH M HeCTAllMOHAPHH 3aBHCHMMOCTH, XapaKTEpHHU 3a peaiaHaTa JuHamuka Ha BJIA.
ToBa BoaM 10 JIOTMYHHUS W3BOJ], Y€ 3a ITOBHIIABAHE HA TOYHOCTTA U YCTOMYMBOCTTA HAa HABUTAI[MOHHATA
cucTeMa € HeoOXOAMMO AMHAMMYHMAT MOJed A2 ObJe AONBJIHEH WIM 3aMecTeH C IO-I'bBKaBa
aIpPOKCUMAIIOHHA CTPYKTYpA.

Tazu HeoOXxoauMOCT (opMupa TEOpETHYHATA OCHOBA 33 IIPEMHHABAHE KbM XHOPHIHM MO/eJId, B
kouto KanmaHoBarta ¢uirpauus ce 3ana3pa KaTo ONTHUMAIEH MEXaHH3bM 3a HHTErpUpaHe Ha HHPOpMALHs
W yIIpaBJICHHE HAa HECUTYPHOCTTA, a ONMMCAHUETO HAa AMHAMUKATa CE peai3upa 4pe3 o0ydaeMy HEBPOHHH
MpexH. B TO3M KOHTEKCT peKypeHTHUTE apxuTekTypH oT Tun LSTM ce siBsiBaT ecTecTBeH n300p, Thil KaTo
ca CIIOCOOHHM Ja MOAENMPAT IOCIECJOBATEIHN JaHHU, HEJIMHEHHN 3aBUCHMOCTH U BPEMEBH KOpEIAINH,
KOUTO OCTaBaT M3BbH 00XBaTa Ha KJIACHYECKUTE MOJICIIH.

1.4. IlpuioskeHne Ha U3KYCTBEH HHTEJIEKT MPH ChbBPeMEHHHTEe HABUTALIMOHHU CHCTEMH.

IIpe3 mocnemHOTO AeceTHIeTHE W3KYCTBEHMST MHTENEKT Ce NPEeBpbIa BbB BOJEIl (akTop 3a
Pa3BUTHETO HA AJITOPUTMMTE 33 HaBUTALMS Ha OE3MMIIOTHM JIeTaTeaHHU anapat. Kiacuueckurte Mozeny,
OCHOBAHM HA AaHAJUTHYHU YPaBHEHUS U ITPEIIIOCTABKHY 3a JINHEHHOCT, BeUe He Ca JOCTAThYHU B YCIOBUATA
Ha CHJIHO HENMHEHHH NWHAMHKH, BHCOKOYECTOTHH IIyMOBe, CeH30pHH OTKa3zu u GNSS-cMmyieHwHs.
Cucremure 3a cberosiHue Ha BJIA neMOHCTpUpAT 3HAYUTENHU OTKJIOHEHHUS, KOTAaTO peajHaTa cpela He



CHOTBETCTBA Ha MPEABAPHUTEIHO 3aaJICHUTE MOJEIH, a TOBA € XapaKTepHO 3a THIHMYHATA OIEpaTUBHA
cpena: TypOyJeHTHOCT, BUOpAIMH, €JIeKTPOHHO MPOTHUBOACHCTBUE, BpeMeHHH 3acnersiBanus Ha IMU u
BHE3aIHH NIPOMEHHU B a€pPOJMHAMHYHUTE HATOBAPBAHUSI.

HarpymnBaHeTo Ha roJieMd MacUBH OT JIaHHH, KaKTO U Bb3MOXKHOCTTA 32 CHHTETHYHO I'€HEepUpaHe
Ha TpeHupoBbuHHU ciiydan B MATLAB/Simulink, cp3aaBa npeamnocraBku 3a mpeMUHaBaHe KbM Oa3upaHu
Ha naHHH (data-driven) n xubpumau Al-nogxoan. Te3u MeToau 3aemMar MeANHHA HO3UIMS MEXXAY ““White-
box” ¢usuunure Mozmenu u “black-box” apxurekTypuTe OT IBIOOKOTO 00ydYeHHE, KaTo LieNiTa € Ja ce
HaMallk MOJEJIHATa Ipelika U Jia Ce MOBUIIM NPELU3HOCTTa Ha MPOTHO3UPAHETO HA AMHAMUKATA BHPXY
LIMPOK AWANa30H OT pekuMH Ha moseT. Taka Hanpumep B mpesentaius oT MATLAB EXPO 2024-2025
(Jawahar & Ulusoy, 2024) sicHO moxyepraBa, 4e HEBPOHHHTE state-space MOACNIH M penyunupaHute Al-
mozenu (AI-ROM) Beue ca 4acT OT WHAYCTPHATHUS CTAHIAPT 3a YMpABJCHHE HAa CIOXHH CHCTEMH,
BKJITFOunTENHO BJIA .

Taka BB3HUKBA M3CJIEOBATEICKa MAapaaurma, B Kosito Al He mpocTo IOmbJiBa KIIACHYECKHS
KanmanoB ¢puiarsp, a npeodpaszyBa caMus MOJIEN Ha ChCTOSIHHETO, KaTo M03BOJISABA aJallTHBHA CTPYKTYpa,
HO-yCTOHYMBA Ha LITyM, JMHAMHYHA HECUT'YPHOCT U HEJIMHEHHOCT.

1.4.3. Xuépuonu AI-Kalman nooxoou.

Xubpunuute Al-Kalman nmoaxosau ca enHa oT BOACIINTE JTHHUH B CbBPEMEHHHUTE HABUTALMOHHU
ITOPUTMH, Thil KaTO KOMOMHHpPAT (U3HYHO-000CHOBaHATa CTpyKTypa Ha KammanoBata dunrtpanms c
aJIaTUBHOCTTa HA METOJHUTE Ha IBIO0KOTO oOydyeHue. OCHOBHATA UEs € J1a C€ MHTErpupar o0ydaeMu
KOMIIOHEHTH B KIIIOYOBH OJIOKOBE Ha PEKYPCHBHOTO OLICHSBAHE - HAl-4eCTO B MPOrHO3HATA CTHIIKA
(Mopena Ha mpexojia Ha ChCTOSIHUETO), B MOJIeJIa/CTaTUCTUKATA Ha IIIyMa Ha MPolieca, KaKTo U B aIaliTHBHU
MeXaHH3MH 3a HacTpoiiBane Ha KkoBapuarmure @ u R, Taka ce 3ama3Ba BepOSTHOCTHATa CXeMa
,,[IPOTHO3MPaHE—KOPEKLHU, KaTO SJHOBPEMEHHO CE€ HaAMAJISiBA 3aBUCHMOCTTA OT CTPOraTa aHaIUTHYHOCT
Ha MOJIeNa U oT JjonyckaHeTo 3a tuHerHocT (Revach, G., Shlezinger, N., Ni, X., Escoriza, A. L., van Sloun,
R.J. G, & Eldar, Y. C., 2022).

KakTo Gewe pa3srienano mo-paHo B riasara, B kiacudeckus nuHeeH KF muHaMuuHHAT Monen e
3a/1a/IeH ChIVIACHO:

Xk+1 = Fkxk + Bkuk + wy, ( 1.33)

KkbjeTo Fy, Bj W craTHCTHKara Ha WjCa M3BECTHH WM MoJeiupaHu ampuopu. Ha mpaktuka npu BJIA
peanHaTa JMHAMHUKA YeCTO €:

*  CHJHO HEJIMHCHHA,

*  IPOMEHSIIIA CE BbB BPEMETO,

* 3aBucemia oT (aKTOpW, KOUTO TPYIHO c€ OmUcBaT (u3n4HO (TypOyJIeHTHOCT,

MeXaHHUYHU BUOpAIUH, TEMIIEPATypHU HETMHEHHOCTH),

*  MOAJOXEHA HAa HEW/ICATHH U B OOLIHS CITy4ail HerayCoBH Bb3/ICHCTBUSL.

EnuH OT MHPOKO W3MOJN3BaHUTE XHOPHIHM MOAXOMM € ANpPOKCHMALUs MM 3aMsHa Ha

NPeXoHUsI Mo/Ie] ¢ oOyuaeMa HelTMHEeitHa QyHKIuUS:

Xe+1 = fo (X Up) + Wy, (1.34)
KBJIETO fg € HEBPOHEH KOMIIOHEHT (HAmp. peKypeHTHa Mpexa), 00yueH BbpXYy PEaTHU WM CUMYJIHPAaHU
nannu. [IpencraButenen mpumep 3a To3u kiac ¢ KalmanNet, npu xoiiTo ce 3ama3Ba peKypcHBHATa
CTpyKTypa Ha KaiMaHOBOTO OIGHSBaHE, HO C€ H3MO0J3Ba HEBPOHHA MpEka, 3a Ja CE MOBHIIN
YCTOWYMBOCTTa KbM HEJIMHEWHOCTH M HechoTBeTcTBUs (model mismatch) mpu yacTHdHO W3BECTHA
muHamuka (Revach, G., Shlezinger, N., Ni, X., Escoriza, A. L., van Sloun, R. J. G., & Eldar, Y. C., 2022).

Hapen ¢ ToBa chlecTBYBaT ¥ XHOPUIAHU MOJOOPEHHS, KOUTO He 3aMeHSIT TUHAMHYHUS MOJEI C
HEBPOHHA MpEXa, a BbBEXKAAT alalTHBHOCT B HacTpoiikara Ha ¢puntepa (Purypa 11). B nybnukanusra
Kalman Filter Enhancement for UAV Navigation Johnson, Sasiadek u Zalewski (Johnson, Roger; Sasiadek,
Jerzy; Zalewski, Janusz, 2002) npeanarar:

e fuzzy-moruka 3a aganTHBHO HACTpOiBaHE Ha MapameTpure/,noise strengths® c men
orpannyaBane Ha auBeprennusara Ha EKF;

* mapaienu3aunuds 3a YCKOpsBaHE Ha HM34YHCIICHHUATA, KAaTO JEMOHCTpUpAT e(eKT upe3
CHUMYJIAIIMOHHH PE3yJITaTH.
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®urypa 11. OcHOBHA apXHTEeKTYpa Ha CHCTeMAaTa 3a ypaBJieHue.
HUsmounux: Kalman Filter Enhancement for UAV Navigation (Johnson, Roger; Sasiadek, Jerzy; Zalewski, Janusz,
2002).

Tomo6uu nzen 3a 6a3upaHo Ha JaHHKA 00y4aeMO MOJIeIIMpaHe Ha HEJIMHEeHHa JUHAMUIKA Ce CpeLaT
B JUTepatyparta 3a siipoBo-0azupanmu (kernel) GaiiecoBM ¢QWJITPH, NpPH KOWTO NPEXOAHUST H/WMIN
HM3MEPBATEHUAT MOJIESI CE OIMCBAT B MPOCTPAHCTBO Ha XapakrepucTuku (RKHS), a pekypcuBHaTa cxema
,,[IPOTHO3MpaHe—KOpeKIHs*“ ce peanusupa upe3 kernel-onepauunu. [IpencraBurentu pa3paboTKu B Ta3u
Hacoka ca Kernel Kalman rule / Kernel Kalman filter (Gebhardt, G.H.W., Kupcsik, A. & Neumann, G.,
2019) u Adaptive Kernel Kalman Filter (Sun, M., Davies, M. E., Proudler, 1., & Hopgood, J. R., 2023),
KOMTO (hOpMalIM3MpaT OLCHSIBAHETO Ype3 SAPOBU BrpaXKJaHHs M IMO3BOJISBAT paboTa MpU HETHMHEHHH
3aBUCUMOCTH.

B ny6mukanusata Navigation complex with adaptive non-linear Kalman filter for unmanned flight
vehicle (Selezneva, Neusypin, & Proletarsky, 2019) e pa3paboren aganTuBeH HeiuHeeH KanmaHoB
¢uarep (Purypa 12) ¢ napamerpuyna naeHTHdUKaMs Ha Mojena Ha rpemkure Ha INS, kato aBroputre
cpaBusiBaT Hsakonko peanmsauun (KF, NKF, NKF+OLS, NKF+GMDH wu ap.). [IpeacraBenure pesynraru
MOKa3BaT CHIIECTBEHO IOBHIIABaHE HA TOYHOCTTAa crpsMo kinacuuecku KF (Hamp. HamansiBaHe Ha
rpelikaTa Ha MEeCTOMOoJOXeHHeTo oT mopsabska 12—15 m npu KF no okono 4-5 m mpu Haii-noOpute
BapHaHTH B TEXHUS EKCIICPUMEHTAIICH CLICHAPHHA).

®urypa 12. Biokosa cxema Ha NC ¢ NFK npu n3nonssane Ha GMDH.
HUsmounux: Navigation complex with adaptive non-linear kalman filter For unmanned flight vehicle (Selezneva, Neusypin, &
Proletarsky, 2019).

Karo npumep 3a cbBpeMeHHH XHOPHIHM peann3anuy Moxe na ce nocoun KalmanNet, mpu koiito
HEBPOHEH Moyl ce oOydaBa ga oreHsBa KaamanoBoro ycuiaBane K; (Kalman gain), mokarto
peKypCcUBHATa CTPYKTYpa Ha QUITPUPAHETO Ce 3ama3Bsa.

Ot rnenna touka Ha GNSS-ycroiiunBoctTa, B INS/GNSS nuteparypara mHpOKO ce HM3MON3Ba
noAxoxasT, npu koito MM renepupa ncepao-u3meppanus (pseudo-measurements) no speme Ha GNSS
NpeKbCBaHUs, KOUTO cien ToBa ce noxaBaT kbM EKF karo 3amecturen/moamomaramia mHgopmanus.
Hampumep Fang at al. (Fang, W., Jiang, J., Lu, S., Gong, Y., Tao, Y., Tang, Y., Yan, P., Luo, H., & Liu, J.,
2020) u3nonzBar LSTM 3a renepupane ua ncesgo GNSS-nnkpementu npu ornanane Ha GNSS curnaa,
aZhietal. (Zhi, Z., Liu, D., & Liu, L., 2022) npunarar CNN-LSTM 3a komIieHcalys Ha Aerpajanusara Ha



GPS/INS unterpamusita mo Bpeme Ha GPS outages. B to3u knac cuctemu norukata e: INS ocurypsiBa
aunamukata, UM ounensiBa 3amMecTBalia/KoMmeHcHpama Ha0mogateana uHpopmanus, a EKF
HU3BBPIIBA PEKYPCHBHATA KOPEKIHUS.

OrtnenHa, HO cBbp3aHa HUA ca EKF-6a3supanu apXurekTypH 3a CeH30pHO HHTerpupane 6e3 11,
M3I0J3BaHU KaTo 6a30Ba pedepeHIHst 1 OTIIPaBHA TOUKA 3a pasiupeHus. [Ipumep 3a TakaBa mpakTuyecka
nocraHoBka ¢ EKF-6asupano unrterpupane Ha GNSS/IMU/6apomerpuunu njanau B MATLAB/Simulink,
pasrienaHo B pabota Ha Motayed (Motayed M. S., 2025).

o ce oTHaca 10 JUAarHOCTHKA Ha AaHOMAJMH M OTKa3H, METOIHM Ha 6a3aTa Ha HEBPOHHHU MPEXH
Morar Jia ceé HM3MOI3BaT KaTo AeTeKTOPH HA HeTHINHYHH PEXHMH B IIOTOK OT H3MepBaHMA. Makap
Djaghloul et al. (Djaghloul, Tehrani, & Vurpillot, 2025) 1a reMoHCTpUpaT NOAX0AA B KOHTEKCT Ha CUIIOBA
CIEKTPOHNKA (MHBEPTOp), NPUHIUIBT 32 OTKpHBaHE Ha aHOMaiHU mabimoHu upe3 1D CNN/LSTM e
METOO0JOTHYHO IIPEHOCUM ¥ KbM HAaBUTALIMOHHU CEH30PHH OTOLH.

3a ycToilunBO OLeHSIBAHe HA MO3HIMATA B cpena ¢ nunca Ha GSNN-curnan (GNSS-denied) ce
mpeyara  u3noi3BaHe Ha xuOpuana apxurekrypa 1D CNN/LSTM. 1D CNNcnos u3BInda
BHCOKOYECCTOTHH  XapaKTCPUCTHKH  OT  IIOTONUTE HA  HHEPLIUANHUTE  CEH30pH,  JOKAaTo
nocneaBamusT LSTM cioit Mmoaenupa TsxHaTa asirocpodna quHamuka (Woyano, F., Park, S., lordanov,
V.B., & Lee, S., 2023). To3u nozaxoj nofo0psiBa TOUHOCTTA IIpU BHe3amHa 3ary6a Ha GNSS curnai.

Hakpast, npu 3agaunte mo ympasienue (Ourypa 13), o0yuenue ¢ yreppxaaBane (RL) uecro ce
KoMOMHHpa ¢ OJIOK 3a OLCHSBAaHE HAa CBHCTOSHUETO B YIPABICHCKHA KOHTYP; B IPE3CHTANUATa Ha
MathWorks (Baru, MathWorks) ToBa e nmokazaHo KOHIIENTYaJIHO Ype3 HATMYMETO Ha OT/eJIeH OJI0K ,,State
Estimation® B apxuTekTypara.
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®urypa 13. Simulink mogen 3a RL-0a3upano ynpasjieHue Ha po6oT.
Hsmounux: Reinforcement Learning: Leveraging Deep Learning for Controls (Baru, MathWorks).
Benukn pasrnenann XuOpHOHM MOJETM MMAT 3HAYUTEIHU HPEIUMCTBA MPER TPAIULUOHHHTE
KanmanoBu Mozenu, HO 3a MO-roJisiMa SICHOTA B € HAIIPaBeH aHaIM3 Ha IIPeIMMCTBaTa Ha XuOpuauure Al-
Kalman noaxoau
Ta6auna 6. Cunre3npano npeaumMcTBo Ha xuopuanute AI-Kalman noaxoam.

DyHKIHOHAJIEH Knacuuecku KF/EKF/UKF Hybrid AI-Kalman
eJleMeHT (AI-KF)

Junamuden mozedn f(-) e aHanIMTHYHO 3a1aieH
(ymreeH nipu KF; HenMHeeH ¢ IMHEHHU3aIHs
npu EKF; curma-rouxu npu UKF).
TOYHOCTTA 3aBHCH CHIIHO OT aJIeKBAaTHOCTTA

TpexoaHuAT MOJIEN MOKE JIa C€ AaMPOKCMMHUPA/KOPHIHpa
upe3 ANN fO(-) nin 1a ce usnonssa 06y4aeM KOPEKIHOHEH
uieH (residual). Hamansa ayBcTBHTEnHOCTTA KBbM model

Ilpoenosupane
(prediction)

mismatch
Ha MoJiesia
OOHKHOBEHO Ce NPUEMAT KOHCTAHTHH WK QO w/unu R Morar J1a ce OLiEHsBaT aJalTHBHO OT JJaHHH
Ilysoeu modenu O, R PBUHO HACTPOCHH; BB3MOKHA € KIACHIECKA (narp. ANN/perpecHoOHHH MOJIEIHN), BKIFOUHTEITHO
’ aganramnus (1nnova[10n—based), HO C 3aBHCHMOCT OT PEKHUM, JHHAMHKA 1 Ka9€CTBO Ha
OrpaHU4Y€CHa 'bBKaBOCT M3MEpBaHUATA

OGyyaeMHTE KOMIIOHEHTH MOTaT J1a MOJICJIMPAT 110-
CIIOKHHM HETMHEHHU 3aBUCUMOCTH U JIa TIOJI00pAT
ycroitunBoctTa mpu model mismatch; gecro ce 3amassa
raycoBara anmpokCHMallKs, HO ¢ M0-100pe afanTupaHn
TapaMeTpu/MoIeITH

EKF/UKF mo3BoisBaT HEMHEWHH MOJIENH,
~

Paboma npu HO aIlOCTEPHOPBT OOMKHOBEHO € raycoBa
HenuHeuHocmu aNpPOKCHMANNS; YCTOIMHUBOCTTA 3aBUCH OT




HI/IHGﬁHHSaHHﬂTa/paSHpeL[eﬂeHl/lﬂTa U oT
Ka4yeCTBOTO HA MOaeIa

Anomanuu / outliers

UyBcTBUTEIHOCT KbM outliers npu
CTaHIapTHHU JO0IYyCKaHUA; U3UCKBA
JOMBJIHUTCITHH yCTOﬁ'{HBH MCXaHU3MHU
(gating, M-estimators, robust loss)

Bb3M03kHO € 100aBsiHe Ha Al-1eTeKTOpH 3a aHOMaUK
n/uim oby4yaeMo gating/mpeTerisiHe Ha H3MEpBaHUATA,
KOE€TO moamomara yCTOI;'I'{HBOTO OTXBBPJIIHE HITH
NPCOLICHKA Ha JIOBEPHE

Komnencayus na opeiigh
u cucmemamuynu
epewku

KOMHSHCaUMﬂTa 3aBHCH OT BKIIKOYCHUTEC
BEKTOpa Ha ChCTOSIHUETO bias/scale u ot
KOPEKTHOCTTa Ha MOJACIIUTE; OrpaHU"€Ha IIpH
HEMOJICITHPAHH eeKTH

ANN/Bpemesu Mozemnu (Hanp. LSTM) morar na onucsat
BpeMeBO0-KopeMpann apei(hose 1 HEMOIETMPaHH
3aBUCHMOCTH (TeMIepaTypa, BHOpamun), KaTo 106aBsIT
KOPEKIMOHHH YWICHOBE MIIM aJIaNTallus Ha IIyMOBETe

Toseoenue npu GNSS

VYeroitunsoctra ce onpesens ot INS
IpeLIKUTe U HacTpoiikaTa Ha Q; NPH MO-JIBITU

Yecto ce U31013BaT NceB10-u3MepBanus ot Al,
JnonsaHuTenHH MojanHoctH (VIO/SLAM) uim aJantTHBHYA

npexbceanus NPEKbCBAHHS TPEIIKATa HAPACTBA MOPAN MoJiel 3a apeiit), KOeTo MOJKe Ja OrPaHHYM HAPACTBAHETO
MHTETPAIIMOHEH Jpeid Ha IpelikaTa npy NpeKbCBaHus
JIOIbIIHUTENHA CIIOKHOCT OT 00yyaeMuTe OJI0KOBE
OTHOCHTEJHO NPEJICKa3yeMa CII0XKHOCT;
H3zyucnumenna (0Oyuenne/undepeHc, TaHHH, BAIMIUPAHE); IPHU 100pe

Jo0pe yCTaHOBEHH pealH3aii i

uHCTpyMerH (Hanp. MATLAB/Simulink) n30paHa apXUTEKTypa 0CTaBa ChBMECTHMO C PEaHO BpeMe,

HO M3HUCKBa II0BEYE MHIKCHEPUHI
PekypcuBHaTa CTpyKTYypa ocTaBa HHTEPIPETHPYEMa, HO
06yqaeMm‘e KOMITIOHEHTH Ca 9aCTHYHO ,,4Y€pHa l(yTl/l}I“;

M3UCKBAT JAOITBJIHUTEIHUA NIPOUEAYPH 3a BallUAaLusA,
ycroituuBoct 1 6e3onacioctKalamnow

CH0dHCHOCM U GHedpﬂBaHG

Bucoka uHTEprpeTHpyeMocT Ha MojieNna i
napaMeTpUTe; T0-JIecHa hopMaTHa
BepH(UKAIWS U THATHOCTHKA

Hnmepnpemupyemocm u
sepughuxayus

B 0606menune (Tabnuua 6), pasriaenanute pa3paOoTKH Mokaspar, ye xubpuanure MM-Kanman
MOJIXOAM Ca eHA OT Hali-epcleKTHBHMTE JHHUU 32 HaBUTAIMOHHH cucTeMd Ha BJIA: Te 3amas3Bar
peKypcUBHAaTa  BEPOSITHOCTHAa  CTPyKTypa Ha  ¢uiarpupaHero, karo wusnomsBar MM 3a
MoJielpaHe/afanTalus Ha HeIMHEHHOCTH, IIIyMOBH CTPYKTYPHU U Jpel(oBe, KOUTO TPYIHO CE OMHCBAT
QHAJIUTHYHO.

1.5. U3BO/JIM OT I'/IABA 1.

1. AHanu3bT B Ta3W IWlaBa Mokaspa, 4e HUTO INS, Huto GNSS, HUTO BU3yalIHUTE METOAH MOOTAETHO
OCHI'YpSIBAT YCTOMYKMBO pELICHHE BbB BCHYKHM PSKHMMH Ha IIOJIET, HOpagd KOCTO WHTETPHUPAHHUTE
apXUTEKTYPH Ca METOIOJIOTMYHO 0OOCHOBAH U300p; B YaCTHOCT MpHU MHepLuaiHo cuncienue (dead
reckoning) cucremarmuynure rpemku (bias) Ha IMU, TemmeparypHarta HECTaOWJIHOCT H
CTOXAaCTUYHHTE OTKJIOHEHHS B M3MEPBaHMSATA ONPEIENIAT TEMIIAa Ha HATPYIBAaHE HA HABUTALMOHHATA
IpelKa ¥ CbOTBETHO TOYHOCTTA Ha OL[CHKUTE 33 HO3KIUS U CKOPOCT, 0COOCHO IIPH IPOJbIDKHTEITHH
uHTepBanu 6e3 BpHIIHU Kopekiuy (Harnp. GNSS nnu 1pyru abcoaroTHH U3MEPBaHHs ).

2. VHepumajgHWTE HABUTALMOHHH CHCTEMH OCHTYpsSBaT BHCOKa aBTOHOMHOCT, HO MOpajau
HMHTETPUPAHETO HAa WHEPIMATHA W3MEPBaHUS HEU30SIKHO aKyMyJupaT apeiid), kaTo TeMmbT Ha
HATpyNBaHe 3aBUCH OT Kiaca, KaluOpauusaTa U TeMrepaTypHaTta CTaOWJIHOCT Ha MHEPLUATHUS
n3mepBareneH 6sok (IMU), BkmounTtenso npu MEMS-IMU.

3. GNSS HaBurauusTa OCUrypsBa BUCOKa aOCOJIFOTHA TOYHOCT [IPU HOPMAJIHH YCIIOBHS Ha TIPHEM, HO
¢ ys3BHMa IIpH 3arilyniaBane (jamming), noanpassHe (spoofing) u nerpagauuu (BKJI. MHOTOJIBYEBO
pa3npocTpaHeHHe Ha curHana - multipath), kaTo Te3u CMyLICHUs ca PEaTMCTHYCH ONEepaTUBEH
(bakTop B cpenu ¢ paJHOCIEKTPOHHO IPOTHBOIeHCTBUE (paauoeaeKTpoHHa 6opba - PEB) u ciensa
Jla ce OTYUTAT PH NPOSKTHPAHE HAa HABUTALIMOHHU apXUTEKTYPH.

4. BwusyaJHHTe HABUTALMOHHH METOJIH PA3IIMPSIBAT BH3MOXKHOCTHTE 32 aBTOHOMHA JIOKAIU3aLHs 1
kaprorpadupane, a uaterpauusra uMm ¢ INS upe3 EKF/UKF noBwumiaBa yctoitunBocTTa CIpsiMo
SIMHUYHN W3TOYHHUIIM, HO OCTaBa YyBCTBHUTEIHA KbM YCIIOBHATA Ha HaOJroJeHHE (OCBETEHOCT,
TEKCTypa, TUHAMHKa Ha JIBIDKCHHETO) M HE OCHTYypsiBa eIMMUHHUpaHe Ha japeiida 6e3 abcomoTHH
KOPEKIUH WIN AOIBIHATEIHY Io0anHu orpanndeHus (Hamp. GNSS, masnu, xaptu/loop closure),
0c0o0eHO Y YaCTHYHA HAOIF0JaeMOCT.

5. EKEF pa3uura Ha nuHeapu3alys Ha HeTMHEHHUTE MOAEIH U IPH CUIHA HETMHEHHOCT MM HETOYHO
MOJICJIUpaHe MOXKe Jia IoBee 10 cybonTuManHu oueHk win auBepreHuus. UKF namansiBa prucka
Yype3 CHrMa-TOYKH; TOYHOCTTAa U KOHCHCTEHTHOCTTA MY 3aBHCAT OT KOPEKTHAaTa HAaCTpOHKa Ha
LIyMOBUTE KOBapHalW¥ M MapaMeTpU3aLyiTa Ha ChCTOSHUETO, OCOOCHO IPH HECTALMOHAPHU
IIyMOBe 0€3 aanTHBHU MEXaHU3MHU.



6. Kammanosure ¢unrpu (ki EKF/UKF) ca edexruBHH mpu 1o0pe De(UHUpAHH MOICIH U
KOHTPOJIMPAHH MPEAIIOCTABKH, HO MOTAT 1a JIErPaAnpaT B peaHa eKCIUIOaTal|sl TP ACTPajupaHu
W3MEpBaHUsl, HECTALIOHAPHH LIIyMOBE, aHOMaJIHH U3MepBaHus (outliers) 1 AMHAMUYHKE IPOMEHHU B
JOCTBITHOCTTA Ha HAOJIOACHHUSATA, aKO HE CE M3II0JI3BAT pOOACTHH /UM aJallTHBHA MEXaHH3MH.

7. Peannute cuenapuu 3a BJIA ce xapakTepu3upar cbC CUIHA HETHHEHHOCT, HECTALIMOHAPHU LIIyMOBE
W MHTEpMUTEHTHA (IpeKkbcBaeMa) noctbuHocT Ha GNSS n3MepBaHusTa, 3aBuceIla OT cpenara U
CLIeHapust

8. Ilpu cucTeMHO HapyllaBaHe HAa JIMHEHHO-TAyCOBUTE M CTAIIMOHAPHH OMYCKAHHS MOJICIHTE U
¢duntpure ot KaamaHoB T Morar aa Aerpaaupar; mopajd ToBa ca HE0OX0ANMH PoOaCTHH W/UITH
aJIaNTHBHA MEXaHU3MHU

9. Meroaute OT U3KyCTBEHHSI HHTEIEKT MPEIOCTABIT Bb3MOXKHOCTH 3a afanTalus, MOASIUpaHe Ha
HEJIMHEeWHU 3aBUCHMOCTH U H3BIMYaHE Ha 3aKOHOMEPHOCTH OT CEH30PHHM JaHHH, BKJIIOUUTEIIHO ITPU
TPYIHO MOAEGJIUPAHU PEXHUMH, HO M3UCKBAT IPELU3HO OOy4eHWE, BAIMIMPAHE U KOHTPOJ Ha
obobmraBaHeTo (generalization).

10. HeoOxomuMocTTa OT HMHTErpUpaHd HaBUTAI[MOHHU peIleHHs OOOCHOBaBa H3IOJ3BAHETO Ha
pOOACTHH M aJalITUBHU apXUTEKTYPH, BKIFOYUTEIHO MOAXO0H, KoMOuHupamy KanmanoBu Guiarpu
¢ Meroau or MU, Hanpumep 3a JEeTeKLHs Ha aHOMAIIUM, aJalTalis Ha UIyMOBH MOJCIH WIIH
HO/NOMAraiy MOJIENH 3a OLIEHsBaHE.

I'JTABA 2.
AJITOPUTMMU 3A U3KYCTBEH UHTEJIEKT IIPU YIIPABJIEHUE HA BE3IIWJIOTHH
JETATEJIHU ATITAPATH.

2.1. MogenupaHe Ha IHHAMHYHHU CHCTEMH C HeBDOHHH MPEXKHU.

B cbBpeMeHHHTE CHCTEMH 32 aBTOHOMHO yripasiieHue Ha BJIA HapacTBa nenbT Ha Oa3upaHuTe Ha
JAHHU METOJH, NPU KOUTO JMHAMHUKATA C€ OINMCBA 4Ype3 00ydaeMH MOJEIM BMECTO (WJIM 3aeIHO ChC)
CTPOro aHAJIUTHYHM YpaBHEHUs. PealHOTO moBe/eHHUE Ha JieTareHara miaropma 4ecTo € HeJIHHEHHO,
KOHTEKCTHO 3aBHCHUMO ¥ BPEMEBAPUAHTHO, 2 HEOIPEAEIEHOCTUTE, TOPOJCHH OT aepOJAMHAMUYHU e(DeKTH,
BUOpaLM U IPOMEHHU B pabOTHATa Cpefia, He Ce YIaBsAT HAISKHO OT ONPOCTeHH Gpu3nyHu Moaenu. B To3u
CMHCBI JBJIOOKOTO OOy4YeHHE HE ,,0TMEHS KJIacHuecKaTa TeOpHs Ha YNpPaBICHHETO, a IpeIoCTaBs
MEXaHM3bM 3a HICHTU (UKL U aIaNTalks HA KOMIOHEHTHUTE, KOUTO Ca TPYAHH 332 MOJICIIUPaHe allpHOpU
(Cohen & Klein, 2024).

Enna ot u3cienoBarenckuTe TMHUN ca IbJI0OKUTE state-space moaenu (deep state-space models -
deep SSM), nipu KOUTO MPEXOABT Ha CHCTOSHHUETO CE 3a/1aBa Ype3 HEBPOHHA MPEeXa (MM Ype3 HEBPOHHU
HO/IMOJIEIH), @ O0YUEHHETO Ce M3BBPIIBA BbPXY BPEMEBH PEOBE BXOA-U3X0[. T0O3M Kilac MOZEIH MOXKeE
Ja ce pasriiek/ia kato 06001IeHne Ha KJIACHYECKOTO ONMCAaHNe Ha IPOCTPAHCTBOTO HA ChCTOSHUETO (state-
space), HO C MO-BUCOKAa HM3PAa3UTEIHOCT IPU HEIWHEHHH CHCTEMH M BB3MOXXHOCT 33 BEPOSTHOCTHO
(croxacTu4HO) MoJenHpane Ha HeonpenaeneroctTa. Gedon u cbaBt. (Gedon, D., Wahlstrom, N., Schon, T.
B., & Ljung, L., 2021) nemonctpupart, ye deep SSM ca npuioxuMu KaTo ,,uepHa KyTHs™ 3a HEIMHEHHA
CHCTEMHA HJICHTH(HKAIUS U OLCHSABAT HSIKOJKO Pa3HOBUIHOCTH BBPXY Pe(EpEeHTHH TECTOBH Habopu
(benchmark datasets), karo H3pUYHO MOJYEPTABAT POJSATa HAa HEBPOHHHUTE MapaMeTpH3ald 3a
MpeJCTaBsHe Ha MIMPOK KJIac TUHAMUKH.

Bropa uzcnenoBarencka IMHUS, KOSTO PA3LIMPABA Bb3MOKHOCTUTE 32 MOJIEIMPaHEe HAa AMHAMUKATA
C HEBPOHHHU MPEXH B KOHTEKCTA Ha YIIPABJICHUETO, € U3IOJI3BAHETO HA JIATEHTHU JMHAMHUYHM MOJIEIH 32
[UIAaHMPAHE W MPOTHO3MpaHe HpH 4YacTudyHa Habmomaemoct. [logxoasT Ha Hafner u crasr. (Hafner, D.,
Lillicrap, T., Fischer, 1., Villegas, R., Ha, D., Lee, H., & Davidson, J., 2019) n3non3sa pexypeHTeH MOAEI
Ha CbCTOSIHMETO B JIATEHTHO NIPOCTPAHCTBO U 00y4aBa MpexoaeH MOe, KOUTO 03BOJIsIBA MHOTOCTBIIKOBH
MPOTHO3HU U IUIAHUpaHe Ha JeWCTBUs 6e3 HyxKJIa OT eKCIUIMIMTHO 3aJajeHa (pusnyHa nuHamuka. Tosa e
0co0eHo peseBaHTHO 3a BJIA, 3am0T0 HaBUTALMOHHHUTE M YNPABISBALIMTE 33Ja4d YECTO Ca YaCTHYHO
HabroaeMu (OrpaHHYeHa BUIUMOCT, BpeMeHHH ornananust Ha GNSS u 1p.), a JaTeHTHOTO CHCTOSIHUE
MOJKE JIa UTpae poJjisita Ha KOMITAaKTHO 0000IIeHNE Ha UCTOPHSTA OT HAOIFOICHHUSI.



Tpera BakHa muHHA ca Koopman-mopxomure, IpH KOMTO 4Ype3 HEBPOHHA MpeXa ce HaMupa
npeoOpasyBaHe Ha CHCTOSHHETO KbM IPOCTPAHCTBO C ITO-BHCOKA Pa3MEpPHOCT, Taka ye HeJIMHeHHaTa
JMHAMHKA J]a ce alpOKCHUMHpA C JMHEHHa JMHAMMKA B TOBA MPOCTPAHCTBO, KOETO YJIECHABA CHHTE3a Ha
ynpasnenue. Han u cpaBt. (Han, Y., Hao, W., & Vaidya, U., 2020) pasraexaar DNN-6a3upano HayuaBaHe
Ha Koopman-nipeacTaBsiHe ¢ 11eJ1 CHHTE3 Ha yIpaBJIeHHe U OAYEPTaBaT MPEIMMCTBOTO Ja c€ KOMOMHHUpAT
OazupaHa Ha JaHHM WICHTH(HUKAIMSA W KIaCHMYECKd METOAM 3a ympamiieHue (Hamp. linear quadratic
regulator - LQR/model predictive control - MPC) Bbpxy mnonydeHara JHHEHHA ampoOKCHMaIlHsl.
IIpaxruueckara croiiHocT 3a BJIA e, ye nomoOeH Moziesl MOXKe a yJIECHH HPOEKTUPAHETO Ha PETYNIATOPU
NPH CUJIHU HEJMHEHHOCTH M HECUTYPHH IapaMeTpH, 0e3 1a ce M3UCKBA ITbJIHO (U3MYHO MOAENUpAaHE Ha
BCHYKHU €(EKTH.

B HaBuranmoHHUTE NPHIOKEHHUS ABJIOOKOTO 00yUYEHHE HAH-4eCTO Ce U3I0JI3BA KAaTO JOITbJIHEHHE
KbM KJIACHYECKH CTPYKTYPH (Hamp. pUITpupaHe U CEH30PHO HHTErPUpaHe), KaTo IMOJIoMara Kaiuopanus,
MOTHCKaHe Ha yM (denoising) ¥ YacTHYHO Hay4YaBaHe Ha [TapaMeTPH WIIM KOMIIOHEHTH Ha MO/Iejia, BMECTO
Te Ja ce 3a7aBar M3LUI0 aHATUTUYHO. B To3u acniekt 0030pbT Ha Cohen u Klein (Cohen & Klein, 2024)
CHCTEMaTH3Upa TEHACHLMUTE ITIPU HMHTErpalus Ha IbI0OKO OOy4deHHE ¢ HMHEpLMalHA HaBUTaUWs U
HHTETpUpaHEe HA CCH30PHU JAHHH, BKIIOYHTENHO HOJXOMM, IIPU KOUTO CE HAaydaBaT KOMIIOHEHTH Ha
MOJIEJIHO-0a3UpaHy allrTOPUTMH, BMECTO Te Ja € Ae(UHUPAT U3LSIO AHATUTHYHO.

2.1.1. RNN u LSTM.

Pekypentaute HeBponHu Mpexu (RNN) ca noaxoasiuu 3a MoaenupaHe Ha AMHAMUYHH CUCTEMH,
THH KaTo M3IM0JI3BAT BHTPEIIHO CHCTOSHHE, YPE3 KOETO CE OMHCBAT 3aBHCUMOCTUTE BBB BPEMETO MEXIY
Mocjen0BaTeIH BXoaoBe. B xontekcra Ha BJIA ToBa € BakHO, Thil KaTO MHEPIHAIHUTE U3MEPBaHMUS,
BU3YaJIHUTE HAOJIONCHHUS U OCTaThLHTE OT HABUIALMOHHOTO OLieHsBaHe (navigation residuals) obuuaiiHo
Ce MHTEPIIPETUPAT KaTO BpeMeBa MOCIIEA0BATEIHOCT, KOITO HOCH HH(OPMALHS 32 TEKYILIOTO JABIKEHHE U
HATPYHNBAIIUTE CE TPELIKH.
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®urypa 16. LSTM-kieTkaTa Moxe a 00padoTBa JaHHH N0C/I1e10BATETHO H /1a 3a11a3Ba CKPUTOTO
CH CbCTOSIHHE BLB BpeMeTo.
HWsmounuk: ResearchGate.

Knacuueckure RNN decto paboTar nodpe mpu KpaTKOCPOUHH 3aBHCUMOCTH, HO IPU IBITH
MOCJIEJOBATEIHOCTH MOTaT Jia MPOSIBAT MPOOJIEMH OT THIA 3aTHXBAHE/EKCIUIO3MsI Ha IPAJUCHTa, KOSTO
3arpyaHsBa o0yuenuero. [lopagu ToBa apxutekrypara LSTM (Long Short-Term Memory) ce usnon3sa
LIMPOKO KaTO MPAaKTHYECKO pelIeHHEe 3a MOJCIHMpaHe Ha IBJIrH BpeMeBH 3aBucumoctu (Purypa 16),
tunnunu 3a IMU curnanu v BusyanHo-uHepuuanau pegose npu noset (Hochreiter, S., & Schmidhuber, J.,
1997).
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®urypa 17. Simulink nmmiiementanus Ha LSTM cJ10ii, moc/ieBaH 0T HA'BJIHO CBbP3aH CJI0i
(fully connected layer - FC).
Hzmounuk: MathWorks.
B ananuza na MathLab LSTM Layer as a Nonlinear Dynamical System (Campa, 2023) ce
npezcTaBs Kak equH ciaoit LSTM moxke na ce pasriexnaa KaTo HelduHelHa JuHaMuuHa cucreMa (durypa

17) cve cmenuduuna crpykrypa u gaau u kak LSTM crioeBeTe Morar Ja anpoOKCHMHUpAT JIMHEHHU
JTMHAMHYHU CUCTEMH:

fe = o(Wrxe + Ughe_q + by),
iy = o(Wix¢ + Uihe_q + b;),
0r = o(Woxy + Upghy_q + by), (2.1)
¢, = tanh W,x; + U.he_q + b,),
ct_ft@Ct 1+i: O,
hy = 0, O tanh (c;),

KbBJIETO:

BxomoBe/chCTOSIHUS:

e X, - BXoAeH BekTop B MoMmeHT t (Hanp. IMU wu3mepBaHus, BH3yalqHM HpH3HALY,

MHOBAIIMK/OCTATBIIM, WM KOHKATEHALUs OT TAKUBA BEJIUYHHH);
e h;_q - ckputo (M3x01HO) cheTosiHe Ha LSTM ot npeaxoauus MoMeHT t-1;
e h; — ckpuTo (U3x0aHO) cherosiHue Ha LSTM B MOMeEHT t; TOBa € ,,Mu3XOABT" Ha KJIETKaTa,
KOWTO 4eCTO Ce M0/1aBa KbM CJISJ[BALLL CJIOH MM KBbM PErpecop 3a MporHo3upaHe;
C¢_q — KJIETHYHO (BBTPEIIHO) ChCTOSIHUE OT MOMEHT t-1, koeTo Hocu ,,mamerTa* Ha LSTM;
C¢ — KJICTHYHO (BBTPEIIHO) CHCTOSIHUE B MOMEHT t, OOHOBEHO Ha 0a3a TeKyLIMs BXOI U
MPEIXOHUTE CHCTOSHHUSI.
IlopTH (gates) u KaHAMAAT 32 KJIeTbYHO cheTosiHUe (candidate cell state):

e f, - forget gate (nopra 3a 3a0paBsiHe): ONMpPEAEN KaKBa YacT OT C;_q Ja Ce 3aIasiu,

e i, - input gate (BXOJHa NOpPTA): OMpe/essi KOJIKO OT HoBaTa MH(OpMaIus a ce 3aluiie B
KJIETKATa;

0, — output gate (U3XOIHA BpaTa): ONpPEAENS KAKBAa 4YacT OT aKTYaJHOTO KJIETHYHO
CBCTOSIHHE JIa C€ ,,[IOKaXe  KaTo U3X0x hy;

€; — KaHAWJAT 332 HOBO KJIETHYHO ChAbPIKAHHE NPECTAaBIsIBA HEIMHEWHO mpeobdpasyBaHa
,,HOBa HH(OpMaIHs, KOSTO MOXe /1a ObJe J00aBeHa B MaMETTa.
HenuneliHOCTH H onepanum:

e (") - norucTH4HA CUrMOUAHA (DYHKIHMS: OrpaHNYaBa CTOMHOCTUTE Ha BPATUTE B MHTEpBaJIa

[0,1;

tanh () - xumepOonMYeH TaHIeHC: OrpaHH4aBa cToifHoctHTEe B [-1,1] M crabmmusupa
OOHOBSIBAHETO HA CHCTOSHUATA;



e (O - noenementHo ymuoxenue (Hadamard product).

Ta3u cTpykTypa € MoAXoAdlna 3a MojenupaHe Ha nuHamuka Ha BJIA, TBH KaTo BBTPELIHOTO
CBCTOSTHHE C; MOXE J]a KOJHpa JABJITOCPOYHH 3aBUCUMOCTH M HATPYNBAaIHU ce edekTH (Hanpumep OaBHU
MPOMEHH, CBBP3aHH C Jpeiid/CHCTEeMaTHYHH KOMIIOHEHTH), JOKaTO U3XOAHOTO ChCTOSIHHE Ny € BEKTOPHO
TpecTaBsHE Ha TeKyllaTa AWHAMHKA, KOETO Ce€ II0/laBa KbM CIIE/(BAIllMs] BPEMEBH MOMEHT WIH KbM
HU3XOJICH CIIOM.

B 3amaunTe 3a oueHsBaHE Ha ChCTOSHHETO HEBpOHHM Mozenu oT Tura RNN/LSTM wmorar 1a ce
M3II0JI3BAT KAaTO MOJYJI, KOWTO PEKOHCTPYHpa/alpoOKCUMHUpa ANHAMUKATa Ha JIBHKEHHE OT HCTOpUYECKa
uH(OpMaLHUs ¥ Taka MOANOMAra WK JOIbJIBa KIacuiecku oueHutenu. B Deep Learning-Based Neural
Network Training for State Estimation Enhancement: Application to Attitude Estimation (Al-Sharman, u
1p., 2019) ce nemoHCcTpHpa, Y€ MOK00HN MOAEIN MOTaT J1a TO00pABaT OLCHSBAaHETO HA OPUEHTAINS TIPH
CJIO’KHHU M HECTAllMOHAPHHU M3MEPBATEIHU yCIOBHUS, KOETO € pesieBaHTHO U 3a BJIA.

JIOI'BTHUTENHO, YCTOMYMBOCTTa KBbM AHOMAUIHM W3MEPBAHUS € KPUTHYHA IIPU CEH30pH KaTo
GNSS/IMU u nipu Busyanuu apredaxtu. B Outlier-Resistant Remote State Estimation for RNNs with Mixed
Time-Delays (Li, Wang, Dong, & Ghinea, 2020) ce pasriexaaT peKypeHTHH MOJICIH U MPOLEIYypH,
HAaCOYCHNM KbM YCTOHYMBO OLEHSIBAHE IPH HaJIW4YMe HAa AHOMAJIMH, KaToO HJEsTa € NPWIOKHMAa KbM
HaBHUTALMOHHU penoBe (Hampumep npu aerpagauus Ha GNSS, Hacumane Ha IMU mnu mpoGnemu BbB
BU3YyaJIHU HAOIIOJCHUS).

Otnenno, LSTM moxe fa ce u3mosi3Ba U 3a MPOrHO3MpaHe (a He caMo 3a (uiTpupaHe), Kato
TIPOTHO3UpA OBAEIIN CHCTOSHUSA/TIO3M (WK APYTH KHHEMAaTHYHY BEJIMYMHH ) HA 0a3a I0CIIeI0BATEITHOCT OT
Habmoaenus. [Ipumep 3a TakaBa noctaHoBka e paborara Ha Torkar (Torkar, 2019), kosito semoHCcTpHpa
BpemeBo Mozenupane ¢ LSTM 3a mporHosmpaHe B KOHTEKCT Ha IIOCIIEOBATEIHU HAOIOICHHUS;
KOHIIENIMATA € METOMOJIOTHYHO NpeHocuMa KbM BJIA mpu Hamuume Ha MOAXOAAIIM AaHHH U KOPEKTHO
nerHIpaHO ChCTOSHUE.

O0061enneTo Ha HanpaBeHuTe npoy4sanus €, y¢ RNN u LSTM apxurtekTypute ca MOAXOASI]
WHCTPYMEHT 3a MOJENMpaHe Ha IuHamMukata Ha BJIA mpu Hanuume Ha BpeMeBH 3aBUCHMOCTH H
HECTALlMOHAPHH YCIOBHs. Te Hali-uecTo ce M3MOoJI3BaT He KAaTo I'bJHA 3aMsiHa HA (DU3MYHUTE MOJEIH, a
KaTo JOMBJIBAI MOAYJ - 32 AIPOKCHMAIMS HA MPOLECHUS MOJeJI, KOMIICHCUPAaHe Ha CUCTeMaTHYHN
edexTH, WIN MOBHIIABAaHE HA YCTOWYMBOCTTA NPH AETPaJAUpPAHU M3MEPBAHUs, B paMKaTa Ha XUOPHIHU
HABUTAIIMOHHHU/OLICHUTEIIHN apXUTECKTYPH.

2.2. ANN karto 3amecTBam guHamuden moaea Ha KF.

Kanmanosara ¢punrpauust (KF, EKF, UKF) usucksa nporecen (npexo/ieH) MoJiel, KOHTO onucea
€BOJIIOLIMSTA HA ChCTOSTHUETO BHB BPEMETO U OIPe/IeIsi KaueCTBOTO Ha IPOTHO3HATA CThIIKA. [Ipu MonenHa
HEM'bJIHOTA, CUIIHA HETMHEWHOCT WIIM HEChOTBETCTBHE MEKY aHAIMTHYHUS MOJIEI U peajlHaTa JHHAMUKA
(model mismatch) mporHo3Harta rpeuika MOXe /1a HapacTBa, a B YCJIOBHS Ha OrpaHHYeHa HAaOJIF0AaeMOCT
I BPEMEHHO OTCHCTBHE Ha aOCOJIOTHA KOPEKLHs (HAMp. TIPU CUUCIICHHE) QUITHPBT MOXKE J1a IPOSBH
CBLIECTBEHA Jerpajalis Ha TOYHOCTTa W/WIIM HEKOHCHCTEHTHOCT. TOBa MOTHMBHpAa HW3IOJI3BAaHETO Ha
o0yuaeMH KOMIIOHEHTH, IIPU KOUTO MPOLECHUAT MOJEIN HE Ce 3aJaBa aHAINTHUYHO, a ce apaMeTpH3upa
4ype3 HEBPOHHA Mpexa U ce 00y4aBa OT JaHHHU, HAPUMEpP: Xj4q = f (Xx, Ur) + Wy. B nuteparypara ca
NpPE/TIOKEHN PEAUIa XUOPUIHNA TOCTAaHOBKH, B KOWTO HEBPOHHH MOJEIH MOJIOMAaraT WM YacTHYHO
3aMecTBaT AWHAMHKaTa/lapaMeTpuTe Ha GUITHPA U B SKCIICPUMEHTAIHN YCIIOBHS IOKa3BaT MOA00pECHHS
mpu HenuHeiHocTH U model mismatch. Pesynratute oT myOnukaimuTe, OTHACSIIN CE 0 XHOPUIHUTE
MoZeNnHu Mexny Kiacuueckute KanMaHoBH (QUITPH M M3KYCTBEHH HEBPOHHM MPEXH MOCTHraT OTIHMYHU
pe3yJITaTi o OTHOIICHHE Ha TOYHOCT, KakTo U Ha epextuBHOCT (Feng, S., Li, X., Zhang, S., Jian, Z., Duan,
H., & Wang, Z., 2023). 13non3BaHuTe B U3clieiBaHusATa OTHOCHTENHO KommakTHH RNN, MoraT na 6b1at
00y4YeHH C OTHOCHTEIIHO MaJbK Ha0Op OT JAHHH, KOSTO I' IIPaBU MPUIIOKUMH 32 BUCOKOPA3MEpHH state-
space MOJIEJIH U YCTPOMCTBA C OrpaHUYeHH U34ucauTenHn Bb3MokHocTh (Revach, G., Shlezinger, N., Ni,
X., Escoriza, A. L., van Sloun, R. J. G., & Eldar, Y. C., 2022). EkcriepuMeHTaJIHUTE pe3yJITaTH IOKa3BaT
MEepPCIIEKTUBUTE HAa XUOPHIHUS TMOJXOJ 10 OTHOIICHHE MOBMIIABAHETO Ha TOYHOCT, YCTOWYHMBOCT U
unrepnperupyemoct (Chen, C., Lu, X., Wang, B., Trigoni, N., & Markham, A., 2021).



2.2.2. ANN kamo npozno3zen mooe.

M3non3BaHeTo Ha N3KYCTBEHU HEBPOHHHM MpexH (ANN) KaTo MpOrHO3HH MOJENHM B PaMKUTE Ha
HaBUTAIIMOHHY AJITOPUTMHU € HAIPaBIICHHE C HAPACTBAL HHTEPEC B JINTEpaTypaTa 3a aBTOHOMHH CHCTEMHU
U MHTETpUpaHe Ha CEH30PHU JaHHHU. 3a pa3iuka OT moaxoaute, nmpu kouto ANN 3amecTBa MpoOLECHUS
Mozen (mpexoaHara GpyHKIHs) BbB QUIThpa, TYK HEBPOHHATA MPEXa U3IIBJIHSBA POJISITA HA JOMBIHUTEIICH
HNPOrHOCTUYEH/KOPEKTUBEH MOJYJ, KOHTO pabOoTH mapajesHo CbhC CTAaTUCTHYECKaTa paMKa Ha
KanmanoBara ¢untpauus. B To3um cmucbn ANN Moxe jga moamomara MNpOTHO3HATa CTBIIKA 4pe3
JONBJIHATENHA HMH(OpMALMs, U3BJICYEHA OT HCTOPUYECKH H3MEpPBAHMS, KOHTEKCT W/WIM JATEHTHH
3aBHCHUMOCTH, 0€3 3abJDKUTEIHO Ja ce HapymaBa predict—update cTpykrypaTa Ha QHIATBpa.

IIpakTnueckara moTuBauus 3a nporHoctuuHH ANN croeBe € CBbp3aHa C OrpaHHYEHaTa
MPUIIOKUMOCT Ha (PUKCHUPAHU aHATUTUYHM MOJICIH B YCJIOBHS Ha CHJIHU HEMHEWHOCTH, HECTALHOHAPHU
LIYMOBE M HECHOTBETCTBHE MEKAY MOJeNa U peanHara quHamuka (model mismatch). B takuBa pexxumn
MPOrHO3HATA TpeliKa MOXe Ja NpHAodHe CUCTEeMAaTHYHA KOMIIOHEHTAa, KOSATO HE Ce KOMIICHCHpa
e(eKTHBHO EIMHCTBEHO upe3 KiIacHyeckaTa HAcTpoiika Ha KoBapuaiuute. OcOoOEHO KPUTHYHH ca
pexxumure Ha curcienue (dead reckoning) mpu BpemeHHa nurca Ha abcomtoTHa Kopekius (Harmp. GNSS
OTIaJIaHe), KOraTo HATPYIBAaHETO Ha IPELIKH Ce YCKOpsiBa M 3aBHCHMOCTTa OT IPOTHO3aTa HapacTBa
(Shlezinger, N., Revach, G., Ghosh, A., Chatterjee, S., Tang, S., Imbiriba, T., Dunik, J., Straka, O., Closas,
P., & Eldar, Y. C., 2025); (Kim, S., Petrunin, I., & Shin, H.-S., 2022).

Enna ot xirouoBuTe naeu B To3u kiac noaxoau € ANN na nporso3upa He caMo caMOTO ChCTOSIHUE,
a ¥ rperikara Ha mojesa/onenkara (model-error / bias / residual prediction). BmMecto HeBpoHHaTa Mpexa
Ja 3aMecTBa M3LSUIO0 JUHAMHKATa, TSI MOXE Ja ce o0yd4d Ja OLCHSIBAa KOPEKIHOHEH wWieH Ax; win
CKBMBQJICHTHA IIONPaBKa B MPOTHO3aTa, KOATO KOMIIGHCHpPA CHCTEMAaTHYHH HECHOTBETCTBHS Ha
aHanutuHus npouecen moaen (Farchi, A., Bocquet, M., & Brajard, J., 2021); (Brajard, J., Carrassi, A.,
Bocquet, M., & Bertino, L., 2020). Aranormuno, ANN Moxe a ce M3I0I3Ba 32 OICHKa/aJanTanus Ha
IIyMOBH XapaKTEPUCTUKH (Hanp. e(heKTUBHU KOBapHUALIMH), KOTATO MPEANOCTABKUTE 32 CTALIMOHAPHOCT Ha
mymoBere ca Hapymienu (Levy, A., & Klein, 1., 2025); (Sun, B., Zhang, Z., Qiao, D., Mu, X., & Hu, X.,
2022); (Wang, H., Deng, Z., Feng, B., Ma, H., & Xia, Y., 2017). To3u THIl MOCTaHOBKH C€ pa3riexaar
KaTo 4acT oT no-o0mus kiac Al-aided Kalman filtering Metoau, mpu KouTo ce 3amasBa GpUITpanoOHHATA
CTPYKTYpa, HO ce 100aBsi 00y4yaeM MEXaHH3bM 32 KOMIIEHCALIUS WK aJlanTalus.

B koHTeKcTa Ha MHTErpHpaHa HaBHrauoHHa cucrema ANN Moxe Ja ce M3I0J3Ba MO HIKOJIKO
TUIMUYHA HAa4MHA, KOUTO C€ PasMIekKJIAT B JIUTEpaTypaTa 3a XUOPHIHU (UITPALMOHHHM apXUTEKTypH
(Shlezinger, N., Revach, G., Ghosh, A., Chatterjee, S., Tang, S., Imbiriba, T., Dunik, J., Straka, O., Closas,
P., & Eldar, Y. C., 2025); (Kim, S., Petrunin, I., & Shin, H.-S., 2022):

e [Ipsik NporHo3eH Mo/JeJl HA ChCTOSIHHETO, KOWTO MPENOCTaBsl AOIBIHUTENHA IPOrHO3a
Xje+1 (MM KOPEKIMOHEH WICH KbM Hesl) u ce komOunupa ¢ ¢punrbpa (Farchi, A., Bocquet,
M., & Brajard, J., 2021); (Brajard, J., Carrassi, A., Bocquet, M., & Bertino, L., 2020);

e JIporHo3en MopeJ Ha HaOJIOAEHUSITA, HANpUMEp NPOTHO3MpaHe Ha ObJemu
IMU/MHKpeMeHTAIHY ~HM3MEpBaHMS MM Ha HHoBamuure (innovations), ¢ mex
cTabuIM3MpaHe Ha OLCHSABAHETO MpH Aerpamupanu aanud (Sun, B., Zhang, Z., Qiao, D.,
Mu, X., & Hu, X., 2022);

o IlporHo3eH MoJeJ1 HAa IPeIIKATa/HeCHOTBETCTBHETO, IpH KoliTo ANN orensiBa bias win
CTPYKTypHA Tpellika Ha MPOLECHHUS MOAEN M I M3M0JI3Ba 33 KOPEKLHs Ha MPOrHO3HATA
CTBIIKA MM 3a ajanTanus Ha urymosute napamerpu (Levy, A., & Klein, 1., 2025); (Wang,
H., Deng, Z., Feng, B., Ma, H., & Xia, Y., 2017).

Bceeku ot Te3u moaxoau Moke a Obae HHTErpUpaH B XMOpHUAHA apXUTEKTypa IIPU YCIOBHE Ha SCHA
MOCTAHOBKa 3a OOydYeHHE, BaJMAALMSA M KOHTPOJ Ha 0000IaBaHeTo, Thil KaTo mporHoctudHuTe ANN
KOMIIOHEHTH MOTaT Jia oJ00pAT TOYHOCTTA B pasrileJaHy CLIEHAPUH, HO MOTaT U 1a BHECAT CUCTEMAaTUYHU
OTKJIOHCHHS NPH JOMEHH-pa3MKa WM HPH HENpeACTaBUTEIHH 00y4uTenHu NaHHU. [lopaau ToBa B
umxeHepHa peanusanus ANN ce pas3riex/ia KaTo JOIbJIHUTEIECH MO/YJI, KOHTO HaMalsiBa 3aBUCUMOCTTa
OT ONMpPOCTEHH AHAJUTHYHH MOJEJH, NpPHU 3alla3BaHe Ha CTPYKTypUpaHa OLCHHTENIHA CXeMa M SCHU
kpurtepuu 3a ycroidusoct (Kim, S., Petrunin, 1., & Shin, H.-S., 2022); (Shlezinger, N., Revach, G., Ghosh,



A., Chatterjee, S., Tang, S., Imbiriba, T., Dunik, J., Straka, O., Closas, P., & Eldar, Y. C., 2025); (Choi, G.,
Park, J., Shlezinger, N., Eldar, Y. C., & Lee, N., 2023).

Taka ANN B ponira Ha NPOTHO3EH MOZEN JeHCTBa KaTo MEXaHU3bM, KOHTO pa3lIupsBa
MporHo3Hara crnocoOHocT Ha KanmanoBaTa (uiTpauds OTBBA OrpaHHYCHHATa Ha (UKCHPAHHUTE
QHAIUTHYHN MOJIEIH, KAaTO INPENOoCTaBsi JAONBIHUTENHA IPOTHO3a, OOydyeHa BBPXY pEaTHH HIH
cumynupanu gaHued (Shlezinger, N., Revach, G., Ghosh, A., Chatterjee, S., Tang, S., Imbiriba, T., Dunik,
J., Straka, O., Closas, P., & Eldar, Y. C., 2025). B pe3yarat xubpuaHaTta cuctema MOXe Ja MpOsiBH IO-
BHCOKa YCTOWYMBOCT B CLICHAPHH C BUCOKA HEOIPECICHOCT, HEIMHEHHOCT U BIOLIaBaHE HA KAYECTBOTO
Ha CEH30PHHUTE JAHHH — CUTyalllH, THIMYHM 32 pealHUTE YCclIoBUs Ha pabora Ha (Sun, B., Zhang, Z.,
Qiao, D., Mu, X., & Hu, X., 2022); (Levy, A., & Klein, 1., 2025).

3a na 6bae possita Ha ANN kaTo MporHo3eH Mozen popMaHo U sSICHO JeUHIpaHa B paMKaTa Ha
KanmaHoBata uitpanus, Haif-4ecTo ce H3I0I3BaT IIOCTAHOBKH OT CJICTHUTE [BA THUIIA.

(A) Kopexkuus Ha IpOrHO3HATA CTHIKA Ype3 MPOrHO3UPAHE HAa MOJIEIHA IPEelKa

Heka kiiacH4ecKHsT NpOLeceH MOAEI (AHATUTHYCH WK MIPUOIIIDKEH) €:

Xe+1 = fo(X W) + Wk, Wi ~ N(0, Q). (2.12.1)

B npornoszuarta (aiding) nocranoBka ANN ce o0yuyaBa 1a HpOrHO3Upa KOPEKIHOHeH wieH Ag(+),

KOHTO KOMIIEHCHPA CTPYKTYPHA TPEILKa/HebIHOTA Ha MOJieNa:

R+ = fo R ur) + Do (r), (2.12.2)
KBJIETO &) € BEKTOp OT BXOAHM Mpu3Haiy (Hamp. nposoper; o IMU u3MepBaHus, IPESIUIIHA HHOBAIIUH,
OLICHKH Ha OTKJIOHeHHeTO (bias), KOHTEKCTHHU mapameTpH). Ta3u MOCTaHOBKA € OCOOCHO MOJIE3Ha B PEXKHUM
Ha cuucieHue (dead reckoning), korato ymrncsa abcomorHa kopekuus (Hamp. npu GNSS ornanane) u
CHCTEMaTHYHATa KOMIIOHEHTA Ha IIPOrHO3HATA IPEIlIKa JOMUHUPA aKyMYJIMPAaHETO Ha Apei(.

Taka ANN He 3amecTBa HM3IUIO TPOLIECHHS MOJEJ, a U3IBJIHABA POJSITAa HA KOPEKTHB KbM
NMPOrHO3aTa, KOWTO HaMasiBa CHUCTEMATHYHUTE OTKJIOHEHUS INPH HEIbJIHW/HETOYHU aHAIUTUYHU
3aBucuMocTu. Ilomo6Hu wuzmen 3a online model error correction u xomOGuHupane Ha ML ¢
acHMUJIALMS/OLCHABAHE CE pas3IIeXkJaT M BaMIUpAT eKCIepuMeHTanHo B juTeparypara (Farchi, A.,
Bocquet, M., & Brajard, J., 2021); (Brajard, J., Carrassi, A., Bocquet, M., & Bertino, L., 2020). B 0630pHu
nocraHoBku 3a Al-aided Kalman filtering To3u moaxon ce pasriexaa KaTo 4acT OT KJac METOIH, IIPU
KOMTO 00y4aeM MOJyJl KOMIICHCHpa HEChOTBETCTBHsS Ha MoOJeja IpH 3ama3BaHe Ha (QUITpalOHHATA
crpykrypa (Shlezinger, N., Revach, G., Ghosh, A., Chatterjee, S., Tang, S., Imbiriba, T., Dunik, J., Straka,
0., Closas, P., & Eldar, Y. C., 2025).

(B) Apanrranns Ha nmrymoBuTe KoBapuanun 4pe3 ANN (HecTannoHapHH IIIyMOBE)

B kitacuueckata KaamanoBa QuinTpanus KoBapHalMuTe Ha IPOLECHHUS ¥ U3MEPBATEIHUS IIyM Q)
U Rj yecto ce mpuemar CTallMOHApHU WJIM C€ 3aJaBaT upe3 NpelBapUTeNHa HacTpoika. [Ipu peamHu
HaBUTAIIMOHHU cucTeMd 3a BJIA obade mIyMOBHTE XapaKTEpUCTHKHM MOrar Ja ObJarT HecTauHOHAPHU
(Hamp. mpoMsiHa Ha BUOpALIMOHEH PEXUM, TYpOyJIeHTHOCT, Aerpafanus Ha GNSS, npomsiHa B Ka4eCTBOTO
Ha U3MEPBAHUATA), KOCTO MOTHBHpA a/IalITHBHA IIOCTaHOBKA.

Enna cranpaptHa JMHHS € OHJIAMH ajanTaims Ha Qp w/wim Ry upe3 cTaTHCTHKAa Ha
ocrarbluTe/MHOBanUuUTe (innovation-based adaptive filtering), kbaeTo KoBapHalUHUTE Ce KOPUTHPAT TaKa,
4e CTAaTHMCTHYECKUTE CBOWCTBA HAa HMHOBAllMOHHATA MOCJEIOBATENHOCT Jia ChOTBETCTBAT HA
npeanocTaBkute Ha GuiarTbpa. To3u MOAX0/ M HErOBH BAPUAHTH Ca LIMPOKO pas3riexaanu B anantuBHu KF
cxemu U B KoHTekcTa Ha uHTerpupanu INS/GNSS cucremu (Sun, B., Zhang, Z., Qiao, D., Mu, X., & Hu,
X.,2022); (Wang, H., Deng, Z., Feng, B., Ma, H., & Xia, Y., 2017).

B ANN-6a3upaHa moctaHOBKa aJanTanus|Ta MOXe Ja ce mapaMmeTpu3upa upe3 ooydaeMu QyHKIHH,
KOHTO OLICHSBAT e()EKTHBHUTE KOBAapHALMK KaTo (GyHKIMU HA IPH3HALM:

Q= Q0Ck), Rk =Rp(Sk) (2.12.3)

KBJIETO:

Qy - KOBapHallMOHHA MaTPHUIlA Ha MPOLECHHUS IIYM (process noise) B JUCKPETHHUS MOMEHT K.
R}, - KOBapHallMOHHA MaTPUIIa HA H3MePBaTeJHUs IyM (measurement noise) B MOMEHTa k.
k - nUCKpeTeH BpeMEBH HHJCKC (MTEpalisl/CThIIKa Ha GHITHpA).

Qg 1 Ry - oOyuaemu @ynkyuu (sanpumep ANN), kouto Bpbar Qy u Ry.

0 u ¢ - napameTpu (Ternia) Ha CbOTBETHUTE HEBPOHHU MOJICITH.



&y M { - BXOIHY MPU3HAIW/BEKTOp OT Xapakrepuctuku (features) 3a momenra k, ot kouto ANN
nporuosupa Qy u Ry, kato {j, MOXe J1a BKIIIOYBA HHANKATOPH 32 Ka4yecTBO Ha HabmroaenusTa (Hanp. C/No,
reoMeTpust, JIEeTeKTHPaHM CMYIIEHHs, CTAaTHCTHKAa Ha WHOBanuuTe). ToBa mo3BoisiBa (GUITHPBT nAa
,IIPEHACTPOWBa“™ TEKECTTa MEX/Y NMPOrHO3aTa M M3MEPBAHUATA B PEAJHO BpEME HPH ACTpajupalnd WIN
npoMeHIuBH ycioBus. [1000HH HeBpPOHHO-aIaNTHBHHU TocTaHOBKHU (Hamp. neural/adaptive UKF) ce
pasriexaar Kato CpeACcTBO 3a ajanTaius Ha Guiarbpa npu HectaunoHapuu urymose. (Levy, A., & Klein,
1., 2025) O6wwust kinac Metoau 3a Al-aided Kalman filtering BkirouBa ¥ moCTaHOBKHM 3a yueHe/aanTalus
Ha UIyMOBH MapaMeTPH U CTATHCTUKH, KAaTO LIENITa € YCTOWYMBOCT MPU PEATUCTHYHH ycloBus ¥ model
mismatch (Shlezinger, N., Revach, G., Ghosh, A., Chatterjee, S., Tang, S., Imbiriba, T., Dunik, J., Straka,
0., Closas, P., & Eldar, Y. C., 2025).

2.2.3. Obyuyenue 6bpxy cumMyniupanu uiu peaiHu OAGHHU.

EQuH OT KIFOYOBHTE NMPAKTHYCCKH BBIPOCH MpPH H3rpaxkaaHeto Ha ANN KaTO KOMIIOHEHT Ha
XuOpH/IHA HABHUTAIIMOHHA CHCTEMa € M300pbT Ha CTpaTers 3a OO0ydeHHe: M3IO0JI3BaHe Ha CUMYJIHPaHH
JaHHW, U3II0JI3BaHe Ha PEATHH N3MEPBAHH, NI KOMOMHHPaH MoAxo/. J[BaTa H3TOYHKMKA HA JAaHHHU HE ca
B3aUMHO H3KJIIOYBALIM CE, HO CE pPa3iM4aBaT CHUICCTBEHO [0 OTHOIICHHE Ha KOHTPOJIUPYEMOCTTa Ha
YCIIOBHATA, CTATHCTHYECKATa PEATHCTHYHOCT W pHCKa OT pasMHHAaBaHE MEXIy OOYYCHHETO H
eKCIUIOATAllMOHHATA CpeJia.

CHMyalOHHUTE TaHHHU NPEIOCTABAT BAKHO MPEAUMCTBO, Thil KaTO MO3BOJISIBAT CHCTEMATHIHO
YIpaBlICHHE Ha HOJICTHUTE PSKUMH, THHAMUYHHUTE Bb3JCHCTBHS U APAMETPHUTE HA CCH30PHHUTE MOJIEIH,
BKJIFOYMTEITHO HACTPONBAHE HA IIYMOBHTE XapaKTEPUCTHKH U IPOBEKIAHE Ha TOBTOPSEMH CKCIIEPHMEHTH
B KOHTpOJIMpaHa cpena. ToBa paBu cuMyIalsaTa 0COOCHO MOX0/s1a 32 IbPBOHAYAIHO pa3padoTBaHe
W BaJUIHpPaHe Ha AITOPUTMHU, KAKTO ¥ 38 TCHEPUPaHe Ha rojieMd 00eMu JaHHU [PH CLICHApHHU, KOUTO ca
TPYJHH, OIACHM WIM PECypCHO CKbBIM 32 pealu3upaHe B pEAHH YCIOBUS. B TO3M KOHTEKCT
MATLAB/Simulink (®urypa 21) ce u3non3pa kaTo HHXEHEpHA MIaTGopMa 3a MOJIEITHUPAHE, CUMYIIALHs
U OLICHsABaHE HA aBTOHOMHH BJIA cucteMu u 3a BUPTYalHO TECTBaHE Ha PELICHMS 32 aBTOHOMHOCT U
cen3opHu Mozenu (Antoniou & Grabowski, 2021).

| g .
®urypa 21. Cpeacra u uncrpymMenTtd B MATLAB u Simulink 3a pazpadorka Ha aBTOHOMHO
YHpaBJIsiBaHH IPOHOBE.

Hsmounux: MatlabEXPO Autonomous UAV Development and Evaluation with MATLAB and Simulink (Antoniou
& Grabowski, 2021).

Hapen ¢ ToBa, cuMyaliMOHHHUTE JaHHU HEU30€KHO HOCAT PUCK OT UJICaIM3UPAH XapaKTep Ha TE3H
JaHHu. Jlopyu pyU BHUMATEIHO KOHCTPYUPAHU CEH30PHU MOJENU CUMYJAIMATA YECTO HE BH3IPOU3BEKAA
B JIOCTaTh4HA CTEIICH KOMIUIEKCHH e(EeKTH KaTo IBJIrOCPOYHH ApeiidoBe, TeMIepaTypHH 3aBUCHMOCTH,
CTPYKTYPHH BHOpAIlMU ¥ IPYT'd HECTALIMOHAPHU KOMIIOHEHTH Ha rpemikara. ToBa BOIH 10 pa3MHHaBaHe
MEXK/y CUMYJIAlUs ¥ peatHoCT (sim-to-real gap), Hpu KOeTo JajieH alropuThM MM 00y4eH MOJIEN M0Ka3Ba
pa3IMYHO TMOBEIeHKE PH paboTa ChC CUMYJIHPAHU CIpsiMO peainu u3mepBanus. Konkperno 3a GNSS u
IMU cen3opu e npeuioxKeH KOINYeCTBEH NOAXO/ 32 OIIEHIBaHE Ha TOBA Pa3MUHABAHE Ype3 CPaBHEHHE HA
MOBE/ICHUETO Ha state-estimator BbpXy peajHM M CHUMYJIHMPAaHH €KCIIEPUMEHTH MPHU PA3NUYHH IIyMOBU
MOJIENH, KaTO C€ H30JIMpa MPHHOCHT HA CHMyJIAMOHHATa HETOYHOCT Ha cenzopute (Mahajan, 1.,
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Unjhawala, H., Zhang, H., Zhou, Z., Young, A., Ruiz, A., Caldararu, S., Batagoda, N., Ashokkumar, S., &
Negrut, D., 2024).

Peannure wu3MepBaHUS MNPEeNOCTaBAT ,,CTATUCTMYECKH pPEATM3bM™, TbH KaTo CBABPXKAT
JCHCTBUTEIHUTE CBOMCTBA Ha IIYMOBHTE IPOLIECH U apTedakTUTe Ha KOHKPETHHs Xapayep. M3cnenBanus
Bepxy MEMS IMU noka3Bat, 4e TpelIKuTe Ha MHEPLUUAIHUTE CEH30PH MPEICTaBIsIBAT KOMIIO3UIMSA OT
pa3IMYHE CTOXaCTHYHH KOMHOHEHTH (Hamp. random walk, bias instability u np.), kouto ce oneHsBar u
XapaKkTepu3upar 4pe3 creuuanusupann Meroau kato Allan variance, PSD u momenu or tum Gauss—
Markov/AR. ITopanu toBa ANN, o0y4enu Bbpxy peannu IMU BpemeBH pemoBe, MoOrar ja ,,BHAAT
3aBUCUMOCTU U CTPYKTYPH, KOUTO HE Ca NPEACTAaBEHHM B ONPOCTEHH CUMYJALMOHHM cueHapuu (Zhao,
Horemuz, & Sjoberg, 2011).

B mpaxTukara ToBa BOIM 10 KOMIIPOMHC: PEaJHUTE JAHHM Ca MO-PENpe3eHTATUBHHU, HO ca Io-
TPYZHHU 32 CHOUpaHe B JNOCTaTHUCH 00EM U 4eCTO Ca ¢ HeNbIHO HOKPHTUE HA PEKHMHTE Ha JBIDKCHHE
(ocobeHO 3a penku WM eKCTpeMHH cueHapuu). [lopaan ToBa 0030pHM HM3cienBaHMs B o0iiacTTa Ha
IBIOOKOTO 00yYCHYE 32 HHEPIHAIHA HaBUTalys | sensor fusion moxueprasar poisTa Ha IOJIXOJH, KOUTO
,,[IOJICHIIBAT MOJIeN-0a3upaHUTe CXEMH 4pe3 00ydeHHE BBPXY JaHHU M 00CHKIAT HEOOXOIUMOCTTA OT
aJIeKBaTHA IOJrOTOBKA Ha 00YYUTETHUTE HAOOPH P PEATHH YCIOBUS U PA3INYHU JOMEHHHU Ha JIBI)KCHHE
(Cohen & Klein, 2024).

KomOunupanusT momxon OOMKHOBEHO C€ pealu3dpa Karo AByeTamHo oOy4eHue: (i)
npeaBapuTenHO oOydyeHue (pretraining) BbpXY CHMYJNHPAaHH JaHHHU, C L€ YCBOSBAHE Ha II00aHUTE
3aBUCHUMOCTHU B IMHAMMKATa U OCHOBHUTE MPUYHHHO-CIICICTBEHH BPB3KU MEXKJYy ChCTOSIHUE, YIIPABICHHE
n HaOmopeHus, u (ii) nocnensamo agantupase (fine-tuning) BBPXy peaqHH W3MEPBaHUs, C Ll
KanuOpupaHe Ha MOJieNla KbM PEaHUTE LIYMOBH XapaKTePUCTUKH, CTPYKTYPHHU apTedakT U Hen30eKHU
HECHOTBETCTBHS Ha CUMYJIALMOHHHS MOJIeN. TakaBa CTpaTerusi € MOTHBUPAHA OT HAIMYHETO HA U3MEPHM
sim-to-real gap 3a GNSS/IMU u ot ¢dakra, 4e TOYHOCTTAa Ha CEH30pPHATa CHMYJALUs UMa AUPEKTHO
OTpa)KeHHE BbPXY KaueCTBOTO Ha OLEHsABAaHE Ha CchcTOosHHETO (Mahajan, 1., Unjhawala, H., Zhang, H.,
Zhou, Z., Young, A., Ruiz, A., Caldararu, S., Batagoda, N., Ashokkumar, S., & Negrut, D., 2024).

B 0606menne, o0yuenrero Ha ANN 3a HABUTAIIMOHHM LIEJH CJIE/BA J1a Ce IUIaHNpa Taka, 4e Jia ce
U3II03BAT NPEIMMCTBATa KAKTO HAa CHUMYJAIMOHHUTE, Taka M Ha peajHuTe AaHHW. CuUMynanusaTta e
edexTHBHa 3a HayalHO OOy4YeHHe M IOKPUBAHE HA KOHTPOJMPAHU CLUCHApPHH, [OKATO pPEaTHUTE
HM3MEpBaHUs ca KPUTHYHH 32 CTATHCTHYECKa JOCTOBEPHOCT M 3a aJanTalys KbM PEAJHUTE IIyMOBU
npouecu. CnenoBatenno 32 ANN komnonentu B xubpuana INS/KF HaBuraunoHHa cxema Hal-HaJACXKIHA
¢ KOMOHHHpPaHa CTPaTerHs, IPH KOATO IPEIBAPUTEIHOTO 00yUeHNE BEPXY CUMYJIALUS CE AOIIBJIBA OT (PUHO
HacTpoliBaHe BbPXY peanHu nosierHu nanuu (Mahajan, 1., Unjhawala, H., Zhang, H., Zhou, Z., Young, A.,
Ruiz, A., Caldararu, S., Batagoda, N., Ashokkumar, S., & Negrut, D., 2024); (Cohen & Klein, 2024).

2.2.4. I'pewka u ycmoiiuugocm.

B xubpupHute apXuTeKTypH, KOMOMHHpalld HEBPOHHM Mpexu ¢ Kanmanosa Quirpanms,
aHAJIM3BT HA IpellKaTa M yCTOHYMBOCTTa HpHIOOMBA LIEHTPAJHO 3HAUEHHE NOpaJy BBBEXKIAHETO Ha
JONbJIHUTEIEH MeXaHH3bM Ha HeOoNpeesIeHOCT: IOBEJICHHETO Ha 00ydaeMHsi KOMIIOHEHT HW3BBH
obyuaBamoro pasnpeneneuue (domain shift) u mOTeHIMANHM TPEMIKM TPH TeHepaIu3aLus.
ChblLueBpeMEHHO MMEHHO 00y4aeMHTe MOAYJIM CE€ MW3IOJI3BAT, 3a 1a KOMICHCHPAT HENOCTAaThLM Ha
AQHAJINTUYHUTE MOJENH IPH HeJHHeilHa IHHAMHKA, MOJEJHO HeChbOTBETCTBHE M HeCTallHOHAPHH
LIYMOBe, KaTo IIeJITa € /1a Ce 3aIla3u CTPYKTypHaTa HHTEPIPETUPYEMOCT U PeKypCHBHATA €()eKTHBHOCT Ha
KF/EKF/UKF, HO nma ce HOBUIIM YCTOHYMBOCTTAa IIPH pEalHH YCJIOBHsA. ToBa HaIpaBICHHE €
CHCTEMaTH3UPaHO B 0030pHH TpynoBe 3a Al-moanomornatu KanmanoBu ¢uitpu, KOMTO pasrpaHnyaBaT
moxxoxu 3a (i) HaydaBaHe/KOpEeKIMS Ha JWHAMHKATa W/WIM U3MepBaTenHus Mozmen u (i)
Hay4JaBaHe/aJanTanus Ha CTaTHCTHKAaTa Ha mrymMoBere U HeonpenenaeHoctra (Shlezinger, N., Revach, G.,
Ghosh, A., Chatterjee, S., Tang, S., Imbiriba, T., Dunik, J., Straka, O., Closas, P., & Eldar, Y. C., 2025).

2.3. Xudpuauu moaeau (KF + ANN).
Wscnenpanusara BbpXy KomOuHupaneto Ha KanmanoBa ¢uirpanust ¥ M3KyCTBEHM HEBPOHHU
mpexu (ANN) ce pa3BUBaT MHTEH3MBHO Mpe3 MOCICIHOTO AECETHUIIETHE, KaTO OCHOBHATA LieNl € Ja ce
chuUeTasAT pEKypCHBHATAa CIPYKTypa M cTraTuctHdeckata obOocHoBaHoct Ha KF/EKF/UKF ¢
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aNpOKCUMAIIOHHUTE BB3MOXHOCTH Ha ANN mpu HenMHEHHa JUMHAMHKA, MOJEITHO HECHOTBETCTBHE U
HecTallMOHapHM IIyMoBe. B o030pHara juTeparypa TOBa HampaBlieHHe ce pasriexnaa karo WU
noamomaraHa KanmanoBa ¢untpauns (Al-aided Kalman filtering), o0xBamamo wmetoaun 3a (i)
HayyaBaHE/KOPEKLHUsl Ha TPOLECHHS M M3MepBaTeIHUs Moned U (ii) aganTupaHe Ha CTATHCTHYECKUTE
napameTpH (Harp. IyMOBH KOBapHaIlMH) € LI [10-yCTOHYHMBO OLICHABAaHE HA ChCTOSHUETO.

Knacuueckusar (uHelHo-rayco) KanmanoB (uiuTbp € onTuManeH HpH JIMHEHHH MOAENH U
raycoBM LIYMOBH TIIPOLIECH; INPH HABUTALMOHHM 3aJauydl C U3pa3eHa HEIMHEWHOCT, YacTH4YHA
HaOJII0IaeMOCT, JIeTPaupaHd HM3MEpBaHMsl M/WIIM HECTALOHAPHU TPEIIKH ce HajmaraT o000uieHn
Bapuant (EKF/ESKF/UKF) n/unu HOMBbIHATENHN YCTOHYMBH M aaliTHBHU MEXaHU3MH, KaKTO H IpU
W3BECTHH LIYMOBH KOBAapHaIMU U CTaHJapTHUTE JIOITycKaHUs (Hamp. Os1 mryM). B To3u konTekct ANN ce
U3II0JI3BAT HE KaTo ,,3aMECTUTEN Ha (GuiTpanuira, a kKato o0y4aeMu KOMIIOHEHTH, KOMTO MOJIOMAarat
OLICHUTENS B YaCTH, KBJCTO AaHAINTHYHUAT MOJEI € HENbJICH WIM TPYyIHO HapaMeTpu3upyeM. Taxusa
pelieHust ce 00CHKIAT U B 0030puTe 3a ABIOOKO 00y4yeHHEe B MHEpLMAIHATA HABUIALMS U CEH30PHOTO
HMHTETPUPAHE, KbJETO CE OA4YePTaBaT €AHOBPEMEHHO OTEHIUATHUTE IPEAUMCTBA U HEOOXOUMOCTTA OT
BHMMATEJIHA BAJIMAALMS HA T€HEPATM3alMATa U KOHCUCTEHTHOCTTA.

B apxurexrypen mian xubpunaure moaenn KF+ANN morar na ce pasriexaaT KaTo 3arna3BaHe Ha
nporuo3upane—kopekuust (predict-update) orukara Ha GUITHpa ¢ BbBEXKJaHEe Ha 00y4aeM MOJYJI B e[Ha
WY TIOBEYe KIIF040BH cTHIKU. Haii-uecto ANN yuacTBa upes:

* o0y4aemo uzuncasBane Ha KanvanoBus koeguuunent na yeusnsane (Hanp. K = go (1);

* pe3uayanna (100aBbYHA) KOPEKUHMSI HAa IPOLECHUS/M3MEPBATENHUS MOZAEN (HAIp. Xpiq =
Fxj + Buy + fo O, wie) + wy wmn yye = Hxye + G (Xi) + vi);

*  aJaNTHBHO NpeTersiHe/TeiTHHI NPY MHTErPUPaHE HA OLEHKH OT PA3IMYHM KaHanu (Hamp.
R[N = 2+ (1 - a )R,

IIpencraButeneH mpuMep 3a HEBPOHHO MOJINOMOrHaT oueHuTen ¢ KammaHoBa CTpykTypa €
KalmanNet, koiiTo uHTerpupa o0y4aeM KOMIOHEHT B PEKypCHBHATa CXeMa IPOTHO3MPaHEe—KOPEKIHs
(predict—update) ¢ uen oneHsIBaHe Ha ChCTOSHHETO (state estimation) npu HEMMHEWHH CUCTEMH M YaCTUYHO
H3BECTEH MOJEIL.

B pamkute Ha Hacrosmus nozapaszaen xubpuauute pemenuss KF+ANN ce crpykTypupar B Tpu
OCHOBHH apXUTEKTYPHH JIMHUH CIIOPE POJIATA HAa 00y4aeMHsi KOMIIOHEHT:

1. Recursive KalmanNet (R-KalmanNet) — pexypcuBHa HEBPOHHA apXUTEKTypa 3a OLEHSBAHE,

OpHEHTHpaHa KbM 00y4aeM gain ¥ KBaHTU(HULIMPaHE Ha HEONPEICICHOCTTa;

2. JiBykananuu (dual-branch) cuctemn — napaneneH GU3MUECKUd U HEBPOHEH KIIOH C aJ[alTUBHO

HMHTETPUPAHE Ha OLIEHKHUTE,

3. KF 3a iuHeiinata komnoHenta + ANN 3a HelMHeliHaTa/HeMOJeJHPAHA YACT — pe3uaAyaleH

MOJIeJ, KOWTO JONbJIBa aHAINTHYHATA ANHAMUKA/U3MEpPBaHE.

BaxHo e nma ce momueprae, 4e XMOpUAHHMTE METOAM WEJIAT IOBHIIABAHE HAa TOYHOCTTA M
ycroitunBoctTa ipr model mismatch 1 MpoOMEHIUBH IIyMOBH XapaKTEPUCTUKH, HO KOHCHCTEHTHOCTTA Ha
HEOIPeIeJICHOCTTa HE CIIe/IBa Jla Ce NPHUeMa arpuopH; TS ce MPOBEPsBa Ype3 aHaInu3 Ha WHOBALIMOHHUTE
MOCJIENOBATEIHOCTH U CTaHIApTHH ctatucTHdecku kpurepuu (Hanp. NIS/NEES), ocob6eHo mpu pexumu ¢
nerpaaupanu usmepsanus u dead-reckoning.

2.3.3. KF 3a nuneitnocm + ANN 3a HenuHneliHocmu.

To3u xubpuneH nmoaxos ce oGpopMs KaTo e1Ha OT Hal-yCTOWYMBUTE U MPAKTHYECKU IPHIIOKUMHI
ApXUTEKTYpHU B CbBPEMEHHUTE HAaBUTAIMOHHM cucTteMu 3a BJIA. Mnesta My e na pas3nenu 3ajadara Ha 1Be
KOHLIENTYalHO Pa3MYHM HUBA: JIMHelHATa AMHAMHKAa ce o0pafoTBa oT KJjacuueckusi KaimaHos
(GuaTHp, a HeIMHEHHNUTE KOMIOHEHTH M TPYIHHUTE 32 AHAJMTHYHO MOJeJUpaHe 3aBHCHMOCTH ce
noeMaT OT HEBPOHHA Mpe:ka. To3W NPHHLMIICH KOMIPOMUC MEXIY aHaJIUTHYHATA CTPOTOCT M
oOyuaemara T'bBKAaBOCT I03BOJIsSIBA 1a ce m30erHaT iuHeapusaunonnute rpemkn Ha EKF (Sko6uanu)
W/WIM  TEXKaTa HACTPOWKa/4yBCTBUTENHOCT Ha sigma-point mogxoaure (UKF) mnpu onpenenenn
PEKUMHU/BHCOKA PA3MEPHOCT/HECTALIHOHAPHHU LITyMOBE.

B snwureparypara TO3M MOJen ce cpelia B HIKOJKO Pa3sHOBUAHOCTH. YacT OT myOaMKanuure
pasriexIaT HeBpOHHATA MPEXka KaTo KOPUTUpAILl[ €IEMEHT, KOMTO KOMIICHCHPA CHCTEMATHYHH TPEIIKH,
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npeiid i HenIeHTUGUIMPaHU TapaMeTPH Ha IMHAMHYHIS MOeN. FIMEHHO TakbB IpUMep ce Hablo1aBa
B paborara Ha Li (Li, Wang, Dong, & Ghinea, 2020) , kbZieTO peKypeHTHa apXUTEKTypa ce U3M0JI3Ba 3a
KOMIIGHCHpaHEe Ha HEJIMHEHHUTE M3KPUBSIBAHWS B IPOLECA, JOKaTo Oa30BHUAT JMHEHHO-rayCoB MOEI
npoabikaBa Ja ce ouneHsasa upe3 KF. Coiara uzest e Buauma u npu Al-Sharman u nerosus exun (Al-
Sharman, u ap., 2019), kpaeTO aBTOPHUTE NEMOHCTpHpAT, 4e aobOpe oOyuena ANN moxe 1a 3aMecTd
AQHATUTHYHUTE HenuHeiHn (ynkumu u ga noxaae kbM KF mo-kopekTHa ,,e)eKTHBHA® OLCHKA Ha
HPOLIECHOTO YCKOPEHHE.

Ponsra Ha KF Tyk ocrtaBa sicHo nedunHupana: GUITBPBT OCHIYypsiBa ONTUMAIHOCT IIPU JIMHEHHU
OTHOLIEHHMS U I'ayCOB LIyM, IIOANIOMara cTabMiIM3upaHe Ha OLIEHKATa M YECTO € MO-yCTOWYUB, IOPU KOraTo
ANN 1mposiBsiBa yacTH4HA IpelIKa WIK HeJocTaTbhyHa reHepanusaius. OOpaTHaTa poisi Ha HEBPOHHATA
Mpexa € Jia IPEeAOCTaBs MPOIyCHATUTE TMHAMUYHY 3aBUCUMOCTH, KOMUTO HE MPUCHCTBAT B AHAJTUTHYHUS
Mozen. Taka HampuMep OCTaThbYHATa TIpelIKa MeXTy HaOII0JaBaHOTO YCKOPEHHE M IIPOrHO3HOTO
yckopenue ot KF moxe na 6bae uznon3Bana kato Bxox kbM ANN, KosITO /1a MpOrHO3upa HeJIHHeHHaTa
KOMIIOHEHTA U JIa s BPbLIa 00paTHO B IIMKbBJIA 32 KOPEKIHSI.

MaremaTHyecKu apxuTeKTypata ce GopMyJipa upe3 MoAu(GUIMpPaH HPOLIECEH MOJEN:

Xp+1 = Fxp + Buy + fo(xg, ug) + wy, (2.15)
KBJCTO fye 0OydaeMaTa HEBPOHHA MPEXKa, KOSTO MONCTHPA HETHHEHHHTE OTKIOHEHHS OT JIHHEiHaTa
JMHAMHKa. B HAKOM Cllydau ce M3M0J13Ba U KOPEKIHS BPXY U3X0/a:
Vie = Hxpe + G (i) + vy, (2.16)
KBJETO:
® . € BEKTOPBT Ha M3MEPBaHMATA (M3XOAUTE) HA CUCTEMaTa B TUCKPETHHS MOMEHT k;
H e MaTpuuaTa Ha JIMHEHATa YacT Ha M3MEPBATEIHHS MOJIEN, KOSTO CBBP3Ba ChCTOSHUETO
C U3MEPBaHUSATA;
® X, © BEKTOPBT Ha CbCTOSHHUETO HA CUCTEMaTa B MOMEHT £;
e Jo(-) e mapameTpusupana HenuHeiiHa (YHKIMS € NapameTpd ¢, peanrusupaHa upes
HEBPOHHA MPEXa, KOSTO MOJICIIPa HEJIMHEHHATA YacT Ha H3MEpPBaTeIHUS TIPOLIEC;
® V), € BEKTOPHT HAa W3MEPBATEIHUS IIYM B MOMEHT k, KOWTO OTYMTA CEH30PHHUTE TPELIKH U
CMYILCHHUS.

[TapanenHuaT HEBPOHEH KJIOH IO3BOJSIBA 1a €€ MOJEIMPAT HEMOJEIMPAHM HEITHMHEHHOCTH,
TEMIICPATypPHO-3aBUCUMH JIpei(oBe M HU3MEPBAaHUS C IETrpaJUpaHO KadecTBO, KOUTO ca THIIMYHH 32
MEMS-IMU. Peauna uzcnenpanust mo GNSS/INS wunterpauus, Brmounteano GNSS/INS Integration
Methods (Angrisano, 2010) u Integrating INS and GNSS Sensors to Provide Reliable Surface Positioning
(Russell, 2012), moxnaaBat ChIIECTBEHO OrpaHMYaBaHE HA HATpyMBalara ce (MHTerpalloHHa) rpelika u
MOBHUIIEHA YCTOHYMBOCT KbM CEH30PEH IIyM CIPSIMO CaMOCTOSTE]HA HHEpLManHa HaBuraims. [lpn
creHapuu ¢ npekbeBanus Ha GNSS xuOpuHH MOAX0/IM ¢ U3KyCTBeHa HeBpoHHA Mpexa (ANN) morar ia
MOAIIOMOTHAT (MIThpa 12 3ama3d KOHCHCTCHTHOCTTa HA OLEHKUTE 4Ype3 MOJEIUPAaHe Ha OCTaThYHU
HEJIMHEHHU OTKJIOHEHMS U CUCTEMATHYHM I'PELIKH, KOUTO MHauye Ouxa JOBENIH 10 YCKOPEHO HaTpyIBaHe
Ha TpeLIKa IPH CHHCIEHHe.

Ta3u xubpuaHa AByKaHAJIHA apXMTEKTYpa € OTHOCHTEIHO KOMIIAKTHA M 3ala3Ba CTaHAapTHATa
crpykrypa Ha KanmanoBus ¢uarsp (KF) (mpornosupane—kopekuus), KaTo B IPOTHO3HATa CTBIIKA
JUHAMHYHHUAT MOJEN Ce alpOKCHMHUpPa OT HEBPOHHA MpEXa, T.€. Xg4q1 = fg (X, Uy ). NHTErpupanero Ha
OLICHKUTE OCTaBa OT/EJICH, SICHO Je()HHUpAH eTall, KOSTO yJICCHABA aHAIN3a U HACTPOMKaTa Ha CHCTEMATa.
ApxuTeKTypaTa € KOMIakTHa W mojxojsima 3a peanusauus B MATLAB/Simulink, mopaau koero e
ymectHa 3a ['maBa 3, kbJaeTo e ObJAe W3rpajiecH CHMYJALMOHEH MOJeN Ha XHOpWIHA HaBHIal[MOHHA
cucTema.

Enun or Hal-kpuTHYHHTE NpoOJieMH MHpH peanHOTO BHeApsiBane Ha KaiamanoB ¢uitbp B
HAaBUTALMOHHHU CUCTEMH € U300pbT Ha MaTPULIUTE HA NPOLIECHUS U U3MEPBATENHUA IIyM. B kimacuueckus
MOZIXOA apaMeTpuTe Q U R ce onpeseaT pbuHo Bb3 OCHOBA Ha JIAOOPATOPHH JaHHH UIIH YPe3 HHKCHEpHA
OlLIEHKA. B ycnoBusTa Ha JAMHAMUYHM EKCIUIOATALIMOHHM Cpead — KaTro BHOpALMH, TEMIEepaTypHU
rpaguentd, GNSS cMyIiieHus: Wi napasutHu cMmyuieHust Bbpxy IMU — Te3u mapamerpu mpecraBar aa
Obrar nocrosHHH. ToBa BOAM 10 HEKOPEKTHH OLIEHKM M HapyllaBa ONTHUMAIHOCTTa Ha QUITBpa.
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CbBpEeMEHHUTE METOM Ha M3KYCTBEHHS HHTEIEKT NPEJOCTaBIT MEXaHH3bM 32 aBTOMATHYHO, aIallTHBHO
u Oasupanoro Ha nganHu (data-driven) ompenensiHe Ha IIYMOBHUTE XapaKTEPUCTHUKH, KaTO IOIMBJIBAT
cTpyktypHuTte npenumMctsa Ha KF ¢ 00y4yaemu mozenu.

2.5. O0yueHHe ¢ yTBbpsKIaBaHe 32 HABHUTALMSI — CDABHHUTE/IEH aHAJIU3.

ITapagurmara Ha oOyueHue c yrBbpxaaBane (Reinforcement Learning, RL) npemiara kopeHHO
pasnMueH MoaxoJ] KbM MpobiieMa 3a HaBUranus B CpaBHeHHE ¢ (unaTparuoHHute meroau. Jokaro KF-
0a3zupaHuTe CHCTEMU CE CTPEMSAT [a OLEHAT TEKYIIOTO ChCTOSHUE 4Ype3 MOJAEIMPaHe Ha IPOLECHUTE U
u3MepBarenHuTe Iymose, RL pasriexna 3azauata KaTto ONTUMU3ALMOHEH MPOOJIEM Ha MOBEIEHUYECKa
nonutrKa. [{enra e na ce Hayun crparerus (a | S), KOSTO MAKCUMU3UPa JBITOCPOYHATA BB3BPBINAEMOCT,
BMECTO J1a C€ U3TPak/ia eKCIUIMIUTHA OLIeHKa Ha ()a30BOTO MPOCTPAHCTBO.

B pa6otara Continuous Deep Q-Learning with Model-based Acceleration (Gu, Lillicrap, Sutskever,
& Levine, 2016) ce wu3cienpat MeroAad 3a OOy4YeHHE HA AareHTH B HENPEKbCHATO YIMPAaBIISIBAaHU
MIPOCTPAHCTBA, KOETO € OT 0coOeHa BaxKHOCT 3a BJIA, KbA€TO yIpaBIeHUETO HE € JUCKPETHO. ABTOPUTE
MOKa3BaT, 4ye KOMOMHALMATa MEXAY MOJIeNHO-0a3upaHa CHMYJIAllMOHHA IMHAMHMKAa W JBIO00KO Q-
o0y4eHue ycKkopsiBa CXOAUMOCTTa U HaMaJlsBa Hy*K/JaTa OT €KCIEPUMECHTAIHY IIOJIETH.

OcgeH ToBa B Jlusk u buton (Liaq & Byun, 2019) pasraexnar npakrtiuueckuTe acrnektd Ha RL 3a
UAV — 0coOeHO BIMSHHETO Ha YaCTUYHO HAONIONAEMU CpelH, IPEHIKH B CCH30PHTE M IWHAMUYHH
npensaTcTBus. Pesynrarure nokassar, ue RL-monuTHKM MoraT na NpeBB3XOXKIAT KIACHYECKHs
HABUTAIIMOHEH MOAXOI IIPU CIIOXKHH YCIIOBUS, IIPH KOUTO MOJENBT € HECUTYPCH HIIH HEIIbJICH.

Bronpexu ToBa RL nma orpanndenus. IlonmutukuTe 4ecTo ca TpyAHU 3a HHTEPIIpETUPaHe, H3UCKBAT
TOJIIMO KOJIMYECTBO CHMYJIAIHY, a TAXHATA CTAOWIHOCT IPH PEaHH CMYIICHHS HEe BUHATHU € FapaHTUPaHa.
BaxHo e na ce noxueprae, ue RL He 3amecTBa KanMaHoBara ¢uirparms, a Io-CKOpo MOXe 1a s JOIIbIIBa
IPH 3aJ1a44 32 YIPaBJIeHHE Ha BUCOKO HUBO, KbJETO LEJIEBUTE ABIKCHHS U MaHEBPHPAHE ce€ ydaT upe3
MOJIUTHKA, JOKATO HUCKOTO HUBO HA OLIEHKA Ha ChCTOSHHUETO ocTaBa oTroBopHOCT Ha KF/ANN Mozmenure.

Cpasuurenen ananu3 Ha KF, ANN u RL noaxonu npu naBurauus Ha BJIA e nampasen B Error!
Reference source not found. B nprI0XKeHUETO KbM JUCEPTALMOHHUS TPYA.

2.6. UI3BOIU OT I'VIABA 2.

1. Ilpu HEBPOHHHTE apXUTEKTYPH C€ HaOII0AaBaT IPEJUMCTBA CIPSAMO KIIACHYSCKUTE aHATUTUYHI
MOJIENIU B peAMLia clieHapuu 3a HaBurauus Ha BJIA npu HenuHeliHa AMHAMKKA, HECTAIIMOHAPHHU
IIyMOBE M YacTH4YHA HAaOJII0ZaeMOCT, 0OCOOEHO KOraTo MOJIEITHATa HEONPEACICHOCT € TPYAHO
onucyeMa aHaJUTHUYHO. B TO3M KOHTEKCT peKypeHTHHUTEe HeBpoHHU MpexHu oT Tun RNN, GRU
u LSTM mogpenupar BpeMeBH 3aBUCHMOCTH M aKyMYJHpAT KOHTEKCT BbB BPEMETO, KOETO €
KPUTHYHO NPY HABUTALMOHHM 3aJaud C Jpedd B OLEHKATa W HATPYNBAIUM CE TPEIIKH IPU
CUHCIICHUE.

2. LSTM HeBpoHHaTa MpeXa I[03BOJIIBA MOJENHMpPaHe Ha IBJITOCPOYHH 3aBUCHMOCTH U €
MPWIOXKAMA HpU CHJIHO HEJIMHEeWHW mporecu. [Ipn Hamuume Ha HEpaBHOMEPHH BPEMEBH
MHTEPBAJIM U CIIOPAANYHN HAOIIIONEHHS € HEOOXOMMO EeKCIUIMIMTHO OTYUTAHE HAa BpeMeBaTa
CKaJia, KaTo HermpeKkbcHaTo-BpeMeBuTe noaxonu ot tuna Neural ODE/Neural SDE npenocrasst
ecTecTBeHa (JOPMYIIMPOBKA 332 TAKUBA PEXKHUMHU.

3. AHaNU3bBT Ha JUTEpaTypaTa MO OLEHSABAHE HAa CHCTOSHHUETO M IPOTHO3MpPAHE HAa JBH)KEHUE
nokassa, ye LSTM monenure nmocturar Jo0pa reHepain3aiys MexX/y CUMYJIAlIMOHHH U PEaJTHH
TPAaeKTOPUM MPH MHOAXOILIO OOyuyeHHe, BAIMAMPAHE M KOHTPOJI HA PAa3IMKHUTE MEXIY
CHMYJIaIMOHHA U PeajlHa Cpeja.

4. Komb6unupanero Ha KanmanoBa ¢untpauus (KF) ¢ u3kycTBeHH HEBPOHHH MpPEXHU MO3BOJISIBA
3ama3sBaHe Ha CTPYKTYpHPAaHOTO WHTETPHpPAaHE HA CEH30pPHH [aHHU M BEPOSTHOCTHATA
MHTEpIpeTanusl Ha OLEHKaTa, IPU yCJIOBUE HAa KOPEKTHO MOAENMpaHEe M KanuOpupaHe Ha
LIyMOBUTE XapaKTEPUCTHKH.

5. HeBponnute mozenu B pamkute Ha KF apXuTeKTypu KOMIIEHCHpPAT HETOYHOCTU B IMHAMUYHUSA
MoJen (Hamp. upe3 MOJEIMpaHe Ha OCTaThYHU OTKJIOHEHWS) M Ja IOAIIOMOTHAT aJalTalusiTa
KbM HECTAI[MOHAPHU IyMOBE, HANpHUMEp upe3 OleHsBaHe/aJaNTUpaHe Ha MAaTpULHUTE Ha
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KOBapHUalys Ha IPOLECHUS ¥ U3MEPBATEIHUS IIyM Q U R, KaKTO U upe3 ACTEKIUS Ha aHOMATHH
uzMmepBanust (outliers), KOUTO ce OTKJIOHSABAT CHUICCTBEHO OT OYAKBAHOTO IIOBEICHHE Ha
CCH30pHUTE.

6. AHanU3bBT B HACTOAIIATA INIaBa 000CHOBaBa N300pa Ha MHTEIPUPAH HABUTALMOHEH MOJIEN, IPH
KOWTO mpexonHara GyHKIMs (AIMHAMUYHHAT MOAeN) Ha Guirbpa ce napamerpusupa or LSTM
Mperxa, 00yueHa ChC CEH30PHH JIAaHHH U CHMYJIALIMOHHH TPAaeKTOPUH, KaTO HEONPEACICHOCTTA
Ha MOJIeJIa ce MPEACTABs Ype3 OLCHsBaHE/aqanTalys Ha IPOLECHHS LIYM.

I'VIABA 3.
MNMPOEKTUPAHE HA UHTEI'PUPAHA HABUT'ALIUOHHA CUCTEMA B
MATLAB/SIMULINK.

Hacrosimata riaBa NpeacTaBsi mpoleca Ha HPOSKTUpaHe, MOJACIHpAHE W CHMYJIHpaHe Ha
MHTErprpaHa HaBUrallMOHHA TOCTAHOBKA 3a Oe3MUII0TeH JieTaTelneH anapat B cpeqata MATLAB/Simulink.
Bb3 0cHOBa Ha TEOpETHYHHTE ITOCTAHOBKH OT [1aBa 1 u pazpaborenure noaxoau ot I'nasa 2 ce usrpaxaa
MUHTETPUPAH CHMYJIALIMOHEH MOJeN, KOWTO peanu3upa CbhbBMecTHAa 00pabOTKa Ha HWHEPLMAIHU H
coptHHKOBH (GNSS) u3mepBanus B pamka Ha KanmanoBa ¢uirparys, MoJMOMOTHAaTa OT HEBPOHEH
MpoLECeH NpeauKTop. Pa3paboTeHara cucteMa JeMOHCTPHPa XUOPUICH MOAXOI, TPU KOHTO KITaCHYECKHUSIT
EKF ce xomOuHupa ¢ apiboka pekypeHTHa mpexa oT tiun LSTM, u3non3BaHa KaTo MpoleceH MOJe B
MPOrHO3HATA CTHIIKA HA PHITHPA.

B rtasu excnepumenrtanHa nocrtanoBka MATLAB/Simulink ce u3mon3Ba kato MHTErpaloOHHA
iathopMma, OCUTypsIBallla MAaTEMAaTHIECKO MOJICNIpaHe, BU3yallHa OJI0OKOBa pealli3alis 1 CUMYJIALHs Ha
CeH30pHH MoToLHU. BhpxXy 06a30Ba cxema Ha MHeplLHaiHa HaBuranuoHHa cucrema (INS) ca peanmusupanu
6noxose, npeactassmu IMU, GNSS u nzmepparennu mymose, kakto 1 EKF monyn 3a oueHsBane Ha
cbeTosiHreTo. JlobaBeH e HeBpoHeH 0ok, 00yueH B MATLAB upe3 Deep Learning Toolbox, koiito
M3IBJIHSBA POJISITA HA HEIMHEESH ITPOTHO3EH OIepaTop 3a MpoLecHaTa AUHAMUKA B IPOTHO3HATA CTHIIKA.

IlocTpoeHusT Mozen MO3BOJSABA JUPEKTHO CPAaBHEHHE MEXAY Pe3yJTaTUTe, MOJIyYeHH upe3
QHAMTHYHUS TIPOLIECEH MOJIEN U Te3H, 'eHEepHpaHH OT HEBPOHHATA AIMpPOKCHMALMS, NPH HICHTUYHH
BXOJIHU yCNOBMs. 10 TO3M HauMH ce OCUrypsiBa €KCIIEPUMEHTAIHA OCHOBA 33 KOJIMYECTBEH aHAIM3 Ha
TOYHOCTTA U YCTOMYMBOCTTA HA OLICHSBAHETO MPU PA3IMYHU IIYMOBH NMPOQUIM U IPH BpeMEHHa 3aryoa
Ha GNSS curnan.

B cnenBammre pasjgend ca IPEACTaBEHM KOHILENTyalHATa apXUTEKTypa Ha CHCTEMaTa,
MaTeMaTHYEeCKUAT MOJEN Ha NPOLECUTE M M3MEPBAHMATA, NApAMETPH3ALMATA HA IIYMOBETE, KaKTO M
unrerpanusta Ha LSTM wmpexara B nukeia Ha KanmanoBara ¢uirpauus. CrenuaniHo BHUMaHUE €
OT/EJICHO Ha peaiu3anusira B cpenara Simulink, KbJETO OTAEIHUTE KOMIIOHEHTH ca opopMeHH B O6J0KOBa
CTPYKTYpa, O3BOJISBALIA [TOCJIESOBATEIIHO TECTBAHE M BU3yalM3alus Ha pe3yITaTHUTe.

3.1. MaTemaTH4YeCKH MOJieJl HA CHCTeMAaTa.

MaremaTHueckoTO MOJIeIIpaHe Ha HHTETPUpaHaTa HaBUTAIIOHHA CHCTEMa MMa 3a I1eJ Jja OTUINe
B3aMMOBpbB3KaTa MEXIY JBIKCHUETO Ha JIETAaTEIHUs anapar, U3MEpPBaHUATa OT HHEPLUATHUTE CEH30PH U
BBHIIHUTE HAOJIONCHMS, KAKTO M BIMSHMETO HA IIYMOBUTE Iporecd. Pa3paboreHuAT Monen e
¢dopmynupan Taka, 4e nga Obae €IHOBPEMEHHO CBBMECTHM CbC CHMYJIALMOHHATa cpeaa B
MATLAB/Simulink u amanTuBeH KbM HEBPOHHATAa apXUTEKTypa, M3IOI3BaHA 3a NPOTHO3MpPAHE Ha
cberostHreTo upe3 LSTM npeauxTop.

MarematnueckusiT Mozel ce 0Oa3upa Ha KJIacM4ecKaTa CTPYKTypa Ha HMHEpIMAaIHO-
HAaBUTALMOHHUTE CHUCTEMHM, BKIIOYBAIllA JHMHAMHYHO YPaBHEHHE 32 CBOJIIOIMATA HAa CBCTOSHHUETO,
H3MepBaTeJHO ypaBHeHHe 3a ONNMCBAaHE HA HAOJIOJCHMATA, MOJeJ] HAa IIYMOBeTe 32 CUMYyJIMpaHE Ha
censopuute HechBbpuieHcTBa U Extended Kalman Filter (EKF) kaTo cranzapTeH MeToA 3a OLlEHKA Ha
CBCTOSTHHETO.

JIMHaMUYHUAT MOZEN Ha CHUCTeMara OMNKCBA Bpb3KaTa MEXAy BEKTOpa Ha CBhCTOSHHETO U
yMpaBisBallUTe BB3ACHCTBUA. 3a IEIMTE Ha HHTErpUpaHaTa WHEpLUAHAa HaBMUTallUs ce IpueMa
LIECTU3MEPEH BEKTOP Ha ChCTOSHUETO:

Xp = [px Dy Dz Vx Uy UZ]T, (3.1)
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KBJIETO Dy, Py,P; €& KOODJMHATHTE HA TO3UIMATA, & Uy, Vy,V,~— KOMIIOHEHTUTE HA CKOPOCTTA B
HMHEpLHalIHa paMKa.

YnpasnsBamure Bb3AEHCTBUA Uy, ce onpenensat oT IMU / ceH30pHH JaHHH:

u, =[% 4 a4 Wy w0y T, (3.2)

KBJETO 4; U W; Ca NPOEKTUPAHUTE YCKOPEHMsS U BIJIOBU CKOPOCTH; B HACTOSIIMS OINPOCTEH MOJEIN Ce
npreMa, 4e YCKOPEHHATA ), ca NPEABAPUTEIHO IPUBEJICHN B HHEPIHAIHATA PaMKa (I eKBUBAJIECHTHO —
ye TsJIOBATa U MHEpLHAaIHa paMKa ChBIIaJaT), IOpaJHu KOETO wy, He yuacTsa B (3.3).

JIMHaMHYHOTO ypaBHEHHE B AUCKpeTHA hopMa € HOpMYIHPaHO CHINIACHO:

[pk + v At + EakAtz
Vi + akAt

Xi+1 = fayn (X, Uy, AL) = 1+ wyg, (33)
KBJIETO!

®  Xk+1 € BEKTOPBT Ha ChbCTOSIHUETO Ha CUCTEMATa B JUCKPETHHUS MOMEHT k+1;

® Xk € BEKTOPBT Ha ChCTOSTHUETO B MOMEHT K;

e fayn(-) e AMHaMu4YHATA (YHKUMS HA MPOLIECHUS MOJEN, KOSTO OMKMCBA CBOJIONMATA Ha
CHCTOSTHHETO 32 HHTEpBal At;
Uk € BEKTOPHT Ha YIPABJIABAILIUTE BXOJI0BE B MOMEHT £;
At e BpeMEBHAT UHTEPBAI MEX/Ly JBa MOCIEA0BATEIHN AUCKPETHU MOMEHTA;
Pk € BEKTOPBT Ha MO3ULIMATA B MOMEHT K;
Vk € BEKTOPBT Ha CKOPOCTTA B MOMEHT £;
ak € BEKTOPBT HA YCKOPEHUETO B MOMEHT K;
Wk € BEKTOPBT Ha MPOLECHHS IIIyM, KOITO MOZIenpa HEMOAEIUPAaH! AMHAMUKY U BHIITHU
BB3JCHUCTBUS;

e [] obo3HayaBa BekTopHaTa (hOpMa Ha MPOLECHHS MOJEIN, BKIIOYBAIIA YpaBHCHHUsTA 3a
MO3UILIUS U CKOPOCT.

B Simulink To3u monen e peanusupan upe3 MATLAB Function 6moka f _dyn, koiito npuema
TEKYIIOTO ChCTOSIHUE X, YIIPABIIIBALINS BEKTOP W1 BpeMeBaTa cThnka Ty = 0.01 s, M3unCIsIBaliKy Xy 4.

ITapanenHo Ha Hero B cUCTeMarTa € MHTErPUPaH U HEBPOHHUSAT MOJICI:

Rirr = frstm(Xe-re1s s Xiel [Wpempr1, oo, Wg D, (34)
KBIETO:

e  Xk+1 € IPOTHO3HATA OLIEHKA HA BEKTOPA HA ChCTOSHUETO B IUCKPETHUS. MOMEHT k+1;

e fisrm() e HenuHeliHa ¢yHKuus, peanusupaHa upe3 LSTM HeBpoHHa Mpea, KOSATO
MoJieTIipa AMHAMUKaTa Ha CHCTeMaTa Ha 0a3a Iociie/JOBaTeHH JJaHHM;

®  Xk-L+l, ..., X_K Cca BEKTOpPUTE Ha CBHCTOSHHETO 3a NPEAXOJHUTE L NUCKPETHH MOMEHTA,
(opmupaly BXOAHATA BPEMEBA I10CIIEI0BATEIHOCT;

® UKL+, ..., U_K ca BEKTOpUTE Ha yNpaBiIsABaLIUTE BXOAOBE 3a CHOTBETHUTE L JAUCKPETHH
MOMEHTa;

¢ L e gemxuHaTa Ha BpeMeBms po3opel (look-back window), nsnonssar ot LSTM mpexara
3a U3BJIMYAHE HAa BPEMEBU 3aBUCHMOCTH.

MonenpT npencTaBiIsBa HENMMHEIHA aNIPOKCHMANus Ha AWHAMHUKaTa 4pe3 oOydeHara ABJIOOKa
pekypeHTHa Mpesxa. J[BaTa monena - ananuTH4HUAT U LSTM - ca CTpyKTypHO WACHTHYHH 110 OTHOIIEHHE
Ha BXOJHO-U3XOJHHUTE BPB3KH U ITO3BOJIABAT IUPEKTHO CPABHEHNE HAa MIPOU3BOIUTEITHOCTTA.

M3mepBaTesHOTO ypaBHEHHE ONMCBA BPb3KaTa MEXK/y HaOII01aBaHUTE BEJINYMHH Zy U HICTHHCKOTO
CBCTOSIHME X. B MHTerprpaHaTa HaBUrallMOHHA cucTeMa ce KomOuHupaT aanaute ot GNSS u IMU, kato
GNSS ocurypssa abcontoTHu koopauHaTy, a IMU — OTHOCHTEIHHM U3MEHEHHS HA CKOPOCTTA.

B 006mm1 BHJ M3MeEpBATETHOTO YpPaBHEHHUE C€ 3aIMCBA CHIVIACHO U3pa3a:

Zp = h(X) + Vi, (35)
KBJICTO V), € BEKTOPHT Ha M3MepBaTenHust ryM. [1pu tnHeapu3anus oKojo TEKYIIOTO ChCTOSHHUE!
px UX
Zk=[py]+[vy]At+Vk, (3-6)
pZ UZ
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KBIETO:
® 7k € BEKTOPBHT HA U3MEPBAHUATA B JUCKPETHUS MOMEHT £;

Px, Py, Pz ca KOMIIOHEHTUTE Ha BEKTOpa HAa IO3MIMATA [0 CHOTBETHHTE OCH Ha

KOOpJIMHATHATa CHCTEMA,

Vx, Vy, Vz Ca KOMIIOHEHTHTE Ha BEKTOpa HAa CKOPOCTTA 110 ChOTBETHUTE OCH;

At e BpeMeBHAT HHTEPBAI MK/ J[Ba IIOCIECJOBATEIHN JUCKPETHH MOMEHTA;

[] 0603Ha4aBa BekTOpHA (hopMa Ha H3MEPBATEITHUS MOJIEIT;

Vk € BEKTOPHT Ha U3MEPBATEIHUS IIyM B MOMEHT K, KOMTO OTYNTA CEH30PHHUTE TPEIIKH U

CMYIIEHHUSI.

PesynrarbT choTBeTcTBa Ha  m3xogute ot Omoka gPos B Simulink  mopnena.
GNSS uryMBT ce MoJIenupa upe3 MaroHanta MaTpuia Ha qucnepeusta R = diag(1.52, 1.5%, 2.02), karo
BEPTUKAIHUAT KOMIOHEHT MMa JIBOMHO MO-TOJIsIMa AUCIIEPCHUS CIPSIMO XOpU30HTaIHUTE. Te3u CTOHHOCTH
ce peammsupar B Onoka *diag(/1.5 1.5 2.0])u, KOeTo OCHUrypsBa pEaJUCTHYHO IIOBEJICHUEC Ha
HAaBUTALMOHHHUTE U3MEPBAHMSI.

H3zmepsarennoto ypaBHenue B LSTM kiloHa € €eKBUBAJICHTHO, HO POrHO3ara X, .1 Ce 0/1aBa KaTo
BXOJl KbM CBIIMs HaOIOJaTeNeH MeXaHu3bM. ToBa OCHrypsiBa ITbJIHA CBIIOCTAaBUMOCT MEXIY JBara
MoJieia M HACHTHYHA 00paboTKa Ha M3MEpBaHUITA.

[IlymoBeTe B cucTeMaTa ce pa3leNnsiT Ha iBa OCHOBHM THIIA — MPOLECeH IIYyM U U3MepBaTe/eH
myM. TAXHOTO MOJieNpaHe UMa ChIECTBEHO 3HAUCHHE 33 PEATMCTUYHATAa CUMYJIAIHA U 32 KOPEKTHOCTTA
Ha O0Y4MTEITHUTE AaHHHU, u3non3Banu or LSTM npeaukropa.

IIpouecHUAT UIyM W;0Tpa3siBa HEONPEICICHOCTTA B JUHAMUKATA ¥ € MOJENUPAH KaTo IaycoBO
pasmpesieleH BEKTOp C HYJIEeBO CpPEeNHO M KOoBapHanumoHHa Marpuma Q: w, ~ N(0,Q),Q =
diag(0.012,0.012,0.022,0.012,0.012,0.01%). To3u mym ce BbBexkAa upe3 6GmokoBeTe nAcc u nGyro,
KOHUTO TeHepupaT CIy4aliHi CUTHAIM ¢ AUCHepcHs, 3aaaaeHa ot matpuuute Gaee u Ggyro.

H3mepBaTeJIHUAT WIYM V), ce Ipuiara BbpxXy uzxoaute Ha GNSS Onoka gPos, ¢ nuaronansu
koeduumentu 1.5, 1.5 u 2.0, koeTo cb3aBa BepTUKAIHA TPEIIKa BA ITbTH MO-TOJIsSIMA OT XOPU30HTATHATA.

B xomOunarms, Te3u IIyMOBe OCHUTYpsiBaT NPHOJIMKCHHE 10 PETHUTE YCJIOBHS IIpH paboTa Ha
MHEPIUAIHU U CIBTHUKOBHM HAaBUI'ALIMOHHU CUCTEMM, BKIIIOYHUTENIHO BIMSHUETO HA CEH30pHUTE Aperidoe
¥ HECHBBPIICHCTBA.

[ITymoBuTE mpolecH ca OT KIFYOBO 3HaueHue u npu o0yuennero Ha LSTM mpexara. Thii kato
JTaHHUTE 32 00y4eHHEe ca TeHEPHPaHU OT CUMYJIALlUs, ChIbpIKallla PealCTHYCH IIIyM, HEBPOHHATA MpEeXka
Hay4yaBa CTATUCTUYECKUTE 3aBHCUMOCTH MEXKIY HW3MEPBAHMATA W CKPUTUTE CBCTOSIHHS JOPU IIpU
CTOXaCTHYHH OTKJIOHEHHs. ToBa ocurypsiBa 1O-100pa TeHepanu3amus TIIpH H3M0JI3BaHE B
eKCIIEPUMEHTAIIHATA CUMYJIALIMsI.

3a BanuaupaHe Ha AMHAMHYHHS MoJielN € uMIuIeMeHTHpaH pa3muper Kaavanos ¢puarsp (EKF),
KOMTO OCHUT'ypsiBa ONITUMAJIHA OIICHKA Ha ChCTOSTHUETO B yCJIOBHS Ha HenmmHeHHocT 1 myM. EKF komGuanpa
NpOTHO3aTa OT MOJENa fyyn, C HAONIOICHUATA OT M3MEpBATENHATA MOJCUCTEMA, KATO MUHHMHU3HpA
CpeHOKBaipaTHYHATa IPEIIKa Ype3 MOCIeA0BATETHA HTEPAIIMY HA IPOTHO3UPAHE M KOPEKIIHSI.

AJITOPUTBMBT CE ChCTOM OT JIBa €Tara:

(1) IIporuo3upane:
Riik-1 = fayn Rie-11k-1 Wpe—1), (3.7)
Prik-1 = FyPr—1i-1Fi + Qi ’

a
KbACTO Fk = 0_£ ¢ AKOOMaHbBT Ha JUHAMHUYHHAS MOICII.

(2) Kopexnusn:
Ky = Prgre—1Hig (HiPrr—1Hig + Ri) ™
Rik = Rig-1 + K (2 — hRpejpe-1))s (38)
Pk = (I = KiHi)) Pyje-1,

on
KpaeTo Hy, = 5y © MaTpuuara Ha HaOII0ICHHE.

26



B xontekcra Ha cumynupanus mozen EKF e npunoxen Bbpxy pesyntatute ot 61oka f_dyn, kato
CIy’KM 3a OlLIEHKA Ha TOYHOCTTAa Ha AMHAMHMYHMS MOJEN U MOTBBPXKAaBa CTaOMIHOCTTa HA M3YUCICHUTE
cberosiHus. Tt kato LSTM MonenbT HiMa aHanutuuHa (opma, HeroBoto BkitouBane B EKF ce
pasriex/a KaTo HeIMHEEH YepeH OJIOK, YMUTO YACTHU MIPOU3BOIHM MOraT Ja ObJaT allpOKCUMUPAHH Upe3
YUCIIEHU METO/IH.

Kombunanusra mexny EKF u LSTM Monen oTkpuBa nepcneKkTHBa 32 XMOPHAHM (QUATPH, [IPU
KOMTO HEBPOHHATA MPEkKa 3aMeCTBa DYHKLHUATA fqyy, @ Kiacudeckara EKF pamka ocurypsisa Kopekiust
CIpMO M3MepBaHMATA. Taka cUcTeMara MOXe Ja cbhbueTaBa OOydaeMM HENMHEHH 3aBHCHMOCTU U
CTATUCTUYECKH ONTUMAJIHA OLIEHKA HA ChCTOSHHUETO.

3.2. KoHuenTyajlHa apXHTEKTYpPa Ha HHTerPUPaHATA CHCTeMa

KonnenryanHara apXuTeKTypa Ha MHTETpHpaHAaTa HAaBUTAaLMOHHA CHCTEMa € M3rpaJeHa BbpXY
NPHHIMIA HA KOMOMHMpaHe HA KIACHYECKU AJIITOPUTMU 32 GQUITPUpPAHE M OLEHSIBAaHE HA ChCTOSHUETO C
METOAU Ha M3KYCTBEHMS MHTENIEKT 3a HEJIMHEHHO MojenupaHe Ha AuHaMukara. Cucremara BKIIOYBA
B3aMMOJICHCTBAIM MOJACHCTEMH 3a H3MepBaHe, 00pabOoTKa M NPOTHO3UpAHE, peaTu3UpaHu B
MATLAB/Simulink, kOHTO BB3IPOM3BEKAAT OCHOBHHTEC (YHKIMOHATHM MOXYIM Ha OOpIOBHA
HAaBUTallMOHEH KOMILIEKC Ha O€3MUIIOTEH JIeTaTeleH anapar.

Ha xoHuenTyanHo HUBO apxXHTEKTypaTa ce CbCTOU OT TPU OCHOBHHU cI10sl. B mbpBust cioli ce Hamupa
CEH30pHATa [10JICHCTEMA, BKIIIOYBAIl[A MHEPLHATHO n3MepBarenHo ycrpoictso (IMU) u GNSS npuemHuK,
MOJISTMPAaHK 4pe3 OJIOKOBE 3a JIMHEIHO M BIVIOBO YCKOPEHHE, KAKTO M ChOTBETHHTE LIYMOBH ITPOLIECH.
Bropust cioii npencTaBiIsiBa HHTETPHPANINS HABHTalMOHEH (QIITHD, 6asupaH Ha pasmmpeH Kamvanos
¢unTep (EKF), koiiTO 00e1MHsABa JAHHUTE OT Pa3IHYHUTE U3TOYHHIH U OL[CHSBA TEKYIIOTO ChCTOSIHUE Ha
amapara. TpeTusT cioit peaans3upa HEBPOHHHS NPEJUKTOP — ABIOOKA peKypeHTHA Mpexa oT Tiin LSTM,
KOSITO 3aMECTBa aHAIMTHYHUS JUHAMUYEH MOJiel B porHo3Hara (predict) 4acT Ha GpuaTHpA.

Bpe3kure Mexay Te3d MOACHCTEMU Ca OpraHuM3MpaHu Taka, 4ye msxoaure Ha IMU n GNSS
6mokoBere na ce momaBat kbM EKF, KkoifTo upe3 pekypeHTHa CTpyKTypa W HEBPOHHO IPOTHO3UpaHE
OCHI'YpsiBa aKTyaJHM3UpaHU CTOWHOCTH HA MO3MIMATa W jnuHeiiHara ckopoct. MATLAB/Simulink ce
M3I10JI3Ba KaTo IUIaTdopMa 3a MHTErpauus, mo3BoJsIBaIlA €IHOBPEMEHHOTO CUMYJIMpaHe Ha (GU3UYHUTE
MIPOLECH, AATOPUTMUTE 33 OLIEHKA U OOYUEHHTE MOJENHN HAa M3KyCTBEH MHTEIEKT B PAMKHUTE Ha €IUHEH
610koB Mozen (Purypa 23).

Integration Layer

eL 2l oy |

®urypa 23. Konnenryanna apxutrektypa Ha Unrerpupana HaBuranuonna Cucrema

Sensor Layer

Al Layer

Wace Waro

v i

£

3.2.1. Cenzopu: IMU, GNSS, uiymoge

B ocHoBaTa Ha cUMyIHMpaHaTa HHTErPUpaHa HaBUTAIIMOHHA CUCTEMa CTOU MOJCIBT Ha CEH30PHHUS
CIIOW, KOWTO BB3MPOM3BEXKAAa paboTaTa Ha HWHEPUUATHOTO u3MepBarenHo yctpoictso (IMU) u
cibTHHKOBaTa HaBuranuonHa cucrema (GNSS). Tesun nBa m3TouHnmka Ha HHQOPMALUs OCUTypsBAT
CBOTBETHO BHCOKA YECTOTA HAa M3MEpBaHe, HO C HATPYIBAllla CE IPelika, ¥ HUCKA YeCcToTa ¢ abCOII0THA
KOPEKIUs, KOSTO € KIACHYEeCKMAT NMPHHIUI Ha MHTerpanus npu cucremute or tHn INS/GNSS. B
HacTOsIIaTa CUMYJauus To3u cioi e peanmsupad B MATLAB/Simulink nocpencrBom komOuHalms OT
(byHKIHOHATHY GJIOKOBE, OIMCBAIY AUHAMHKATA Ha aKCEIEPOMETPH, XKUPOCKOIHN U MO3HIIMOHHH CEH30PH,
KaKTO ¥ CbOTBETHUTE LIIyMOBH MPOLECH, MOAEIUPAHH CTOXACTHYHO.

IMU moaen

MHepiuaiHOTO N3MEPBATEIHO YCTPOHCTBO CE ChCTOM OT TPH AKCENEPOMETHPa M TPH KHUPOCKOIA,
KOHMTO M3MEPBAT JINHEHHNUTE U BIIIOBUTE YCKOPEHHS 110 TPUTE OCH Ha TSUIOTO Ha anmapara. B Simulink Te ca
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Mpe/ICTaBEeHN Ype3 JiBa OTIEIHU KaHana — Gace u Ggyro, BCEKH peajM3upaH ¢ JHaroHajiHa MaTpUIa 3a
MaiabupaHe Ha CUTHAJIHUTE.
MopenbT Ha akcenepoMeTbpa ce OIUCBa ¢ U3pasa:
am = Gaee Agrye + Naces (3.9)
KBJIETO:
a;, € U3MEPEHOTO YCKOPEHHUE;
Gy = diag([0.2,0.2,0.3]) e maTpHiiaTa Ha YyBCTBUTEIHOCTTA;
A¢rye © PEATHOTO YCKOPEHHUE;
® N, — 100aBEHHSAT LIyM.

MopenbT Ha )KUPOCKOIIA € aHATOTHYCH:

Wy = Ggyro Wirye t Ngyro, (3.10)
kb1eT0 Ggyro = diag([0.01,0.01,0.02]).

B Simulink Te3u m3pasu ce peanmusupar upe3 6inokoe Gain (Gacc, Ggyro) u Sum (sumAcc,
sGyro), KOUTO CHOMPAT PEATHUSI CHUTHAI U UIyMOBHTE KOMIIOHEHTH, MOAA/ICHN OT U3TOYHUIIMTE NACC U
nGyro.

[IIymoBHTE MPOLIECH CE& MOJCIHPAT KAaTO Ol rayCoBHU IIYMOBE C HYJIEBO CPEIHO U CTAHIAPTHO
OTKJIOHEHHE, CHOTBETCTBAILO Ha peajHuTe xapakrtepucTuku Ha MEMS censopu. Ilpu cumynamnusra e
3a/13/IGHO CPEJIHO KBAJAPATHYHO OTKIOHCHHE Tgee = 0.2 m/s% 1 0y = 0.017ad/s.

GNSS moaea

GNSS-no3uLoHnpaneTo € peanu3upatHo upe3 6ok gPos, KoWTo cuMmynupa H3MepBaHHATA Ha
CITbTHUKOBATa HAaBUT'allMs KATO JIMHEHHA KOMOMHAINS Ha PEaTHOTO MOJIOKEHHE U J0OaBeH U3MepBaTeieH
uryM. MaTeMaTH4eCcKH MOJCITBT CE 3a/1aBa ChIJIACHO:

Pm = Gpos Prrue + Npos (3.11)
kbaeT0 Gpos = diag([1.5,1.5,2.0]) 3amaBa MamabupaHeTo HA rpeIuKara Mo TPUTE KOOPAMHATHH OCH, a
N, ,s € LIYMBT HA NICEB/I0/A/IEYMHATA, CUMYJIHpanl HeTouHocTTa Ha GNSS pemienuero.

To3u ™ojaen orpazsBa peanucTuuHarta guHamuka Ha cucremute GPS/GLONASS npu
HUCKOBUCOYMHHU BJIA, npu KOUTO rpekara no BepTukaiaTa € 0OMKHOBEHO JIBa IITH MO-TOJISIMA OT Ta3u
[0 XOpHU3OHTANIHUTE OcH. BB BpemeBara o6aact GNSS ONOKBT reHepHupa AUCKPETHH HU3MEPBaHHS ChC
crbnka Ha quckperuszamys Ty = 0.01 s, koero croTBeTcTBa Ha yectora 100 Hz.

HnTerpanus Ha mymosere

[IlymMOBHTE U3TOYHULIM Ca BbBEICHHU OTJIEIHO 3a BCSIKA IPYyTIa CEH30PH H C€ 10JaBaT Ype3 CUTHAIHU
JIMHHUH, KOUTO BIIM3aT B ChOTBETHHUTE OJIOKOBE 3a cCyMupaHe. ToBa MO3BOJISIBA KOHTPOJIUPAHO BHBEXKIAHE
Ha pa3iIM4YHH TUIIOBE CMYIIEHHS — KAKTO aANTUBHU (OeNM IyMOBE), TAKa U MYJITHUIUIMKATUBHU (Bapupaniu
KOC(UIMEHTH Ha YCHIIBAHE).

B nporeca Ha cuMynanus T€3u IIyMOBE OCHTYPsIBAT PEATUCTHYHO ITOBEICHUE HA CEH30PHHUS CIIOH,
KOETO OT CBOS CTpaHa MO3BOJIsiBA a/ieKBaTHO oOydeHue u TectBaHe Ha LSTM mopena. MimenHo upes
KOMOWHAIMATA OT pealieH JUHAMHYCH MOJEN M CTOXaCTHYHH KOMIIOHEHTH ce IoCTHra OajaHCHpaH
CLICHApUH, NpU KOWTO HEBPOHHATa Mpexa ce o0y4yaBa Ja NPOTHO3MpA CHCTOSHUETO B YCIOBHS Ha
HECHI'YPHOCT, II0J1I00Ha Ha Ta3M NPH peaseH MOoJeT.

Ha ®urypa 24 cxeMaTHuHO € IpeICTaBeHa MHTETPAlUsITa Ha CCH30PUTE U LIyMOBETE B MOJIEIA.
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®urypa 24. Biok cxeMa Ha HHTErPaUATA HA CEH30PUTE U LIYMOBETE B MojeJa.

3.2.2. bnoxosa cxema ¢ Simulink.

Llenta Ha pazpaborenus monen B MATLAB/Simulink e na ce peanusupa ekclepiIMeHTalIHa cpesia
3a CUMyJIaliis M CPaBHEHME MEXy KIAaCHYECKHUs MPOIECEH MOJEN Ha JMHAMUKATA fgy, M HEBPOHHATA
IIPOTHO3A f7 7y . Ta3u mocTaHOBKA MMa 3a el 1a oreHH edexruBHocTTa Ha LSTM apxuTexTypaTa Kato
3aMECTUTENl HAa TPAJULUMOHHOTO AHAJMTMYHO ONMCAHHE Ha JIBM)KEHMETO B MHTETPMpaHa HMHEPLMAIIHA
HaBuranuonHa cuctema (INS).

MogensT ins_baseline.slx, nokaszan Ha ®urypa 25, € CTpyKTYpHO pa3jieleH Ha TPH OCHOBHH
HO/ICHCTEMHU:

1. ceH30pHA MOACHCTEMA;
2. TpoLEeCceH MOET;
3. HEBpPOHEH IPEIUKTOP, CBbP3aHM UPE3 JOTMYECKU U YMCIIOBU MOTOLH JaHHU.

®urypa 25, Biok cxema Ha Mozesa cbe Simulink na Matlab.

B ocHoBata Ha cuctemara crou 610kbT f_dyn, peanu3upain QpyHKIUSITAa HA MATEMATHYECKUS MOJEI
Ha JBukeHneTo. Tol U3uMCIIsBa CIENBAIOTO ChCTOSHUE Xyt = fayn (Xi, Uy, dt), KbaETO BXOsIOBETE Ca
TEKYIOTO ChbCTOSIHUE X, BEKTOPBT HA YIPABJISBALUTE Bb3ICHCTBHS Uy M JUCKPETU3ALMATA 110 BpeMme dt =
0.01s.

VYenopeaHo ¢ KiIacM4eckusi IPOrHo3eH eran Ha KanmaHoBus QUATBHP B CUMYJIALMOHHMS MOJET €
uHTerpupan OnokbT nn_predict_Istm, koiiTo peamu3upa H3MON3BAHETO HA MPEIBAPUTENHO OOyuYeHa
peKypeHTHa HeBpoHHa Mpexka oT tun LSTM, cexpanena BB (aiin [stm_dyn.mat. IlpenBapuTeaHOTO
oOy4eHre Ha MpexaTra e u3BbplieHo odaiiH B cpenata MATLAB, karo menra e uaeHTUHUKALMS Ha
e(eKTUBCH HENMHECH AWHAMUYCH MOJeNl Ha OE3MIJIOTHMS JIeTaTeleH amapaT, KOWTO Ja 3aMecTH
QHAJIMTUYHUS MOJIEJ B IIPOTHO3HATa cThIKa HAa KanmmanoBaTa dunparus.

W360pbT Ha npeaBapuTeTHO 00y4EHHE, a HE Ha OHJIAMH aJanTanus, € NPOAUKTYBaH OT HAKOJIKO
MPaKTHYECKH M METOAOJOTMYHU choOpakeHus. OT enHa crtpaHa, oOyuenuero Ha LSTM wmpexu e
W3YHCINTEIHO HHTEH3UBEH IPOIIEC, KOWTO M3MCKBA KPATHU UTEPALNHN U CTAa0MIIHA ONITUMH3ALHSA, KOETO IO
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MpaBH HEMOXOSIL 32 JUPEKTHO BrpakIaHe B peaHOBpeMeB s (uirtpanrone uukbi1. OT apyra cTpaHa,
NPEeIBAPUTENHOTO 00yUYeHHEe MO3BOJISIBA MpEeXaTa Aa Ob/e M3JI0XKEHa Ha IIHPOK CIEKThP OT AMHAMUYHU
PEXKUMU M CMYIIEHUS, KOUTO TPYJHO OMXa ce MOSBHIIM B PAMKHTE HA eIMHUYEH €KCIIEPUMEHT WJIH TOJIeT.
1o To3u HauMH ce nocTura mMo-100pa 0600IaBama CrIOCOOHOCT H IT0-BUCOKA yCTOHYMBOCT HA IIPOTHO3ZUTE
NPH peaHa eKCIUIoaTalusl.

OOyuaBarusT HaOOp OT JaHHM € TeHepHPaH Ype3 CUMYJIalHs Ha pe)epeHTeH JUHAMIYECH MOJCIT
Ha BJIA B MATLAB/Simulink. M3non3Banu ca pa3HooOpa3sHU TPACKTOPHH W PEXHUMH Ha YIpapJcHHE,
BKJIIOYBAIIY IPABOJMHEHHO IBH)KCHHE, YCKOPUTEIHH M CIHMPAYHH MAaHEBPH, KaKTO M KOMOMHHPaHH
JIMHEHHU U ‘BITIOBH JBIKeHUA. KbM CHMynupaHuTe JaHHU ca 100aBEHH aAUTHUBHY LIYMOBE M CMYILCHUS,
CHOTBETCTBAIIM HA PEATMCTUYHM XapakTepucTuku Ha MEMS MHepuuaiHu CEH30pH, C L] Mpexara jaa
YCBOM HE MJCANIU3HPaH, a ,,ePEKTUBEH JUHAMUYEH MOJEJ, BKIIOYBALl KAKTO HOMUHAJIHATA IUHAMUKA,
TaKa ¥ TUIUYHUTE CUCTEMHH OTKJIOHEHUSL.

BxoasT xpM LSTM wMmpexkata e opraHu3upaH KaTo MOCIEIOBATEIHOCT OT BEKTOPH, ChABPIKALII
HOPMaJIM3UPAHH CTOMHOCTH Ha OLICHEHOTO CHCTOSIHHE X M YIPAaBISABALIMS BEKTOP U 3a mocienHute L
JMCKPETHH BpeMeBU MOMeHTa. Hopmanu3anuusita Ha BXOAHUTE IaHHH € U3BBPILIEHA CIIPSIMO CTAaTUCTHKHUTE
Ha oOyuaBalusi Habop (cpesHa CTOMHOCT ¥ CTaHJAPTHO OTKJIOHEHHE), KOSTO € CTaHAapTHA MPAKTUKA TIPH
o0yueHHe Ha PEKYPEHTHH MPEXH U JONPHHACS 32 YHUCICHA CTAOMIHOCT M MO-0bp3a KOHBEPreHIMs Ha
anropuTeMa 3a oOydenue. [lo To3M HaumH Mpexara pabOTH ¢ Mam@abHO CBIIOCTaBUMH BXOJOBE,
HE3aBUCUMO OT (DM3MYECKUTE PA3MEPHOCTH Ha OTACIHUTE KOMIIOHEHTH Ha ChCTOSHUETO U YIPABICHUETO.

MzxonsT Ha LSTM wmpexara ¢ nedhuHHpaH KaTO €JHOCTHIIKOBA MPOTHO3a Ha IMIECTU3MEPHOTO
CBCTOSIHHE X 41| . VI300PBT Ha €THOCTHIKOBA IPOTHO3a € Ch3HATENCH H € TACHO CBBP3aH C MHTETPaIUATa
Ha MpexaTa B cTpykrypaTa Ha KanmanoBus guntsp. KanmanoBata duntpanys paboTn HTEpaTHBHO, KATO
BbB BCSKa JMCKPETHA CTHIIKA M3BBPIIBA NPOTHO3MpaHE M KOpekius. M3moia3BaHeTo HA €IHOCTBIIKOB
HPOTHO3EH MOJZEI OCHI'YpsiBa CbBMECTUMOCT C Ta3H CTPYKTypa M OrpaHH4aBa HATPYIBAHETO HA IPELIKH,
XapaKTePHO 32 MHOTOCTBIIKOBHTE HEBPOHHH ITPOTHO3H, IPU KOUTO MAJIKK OTKJIOHEHHUS MOTAT 1a CC YCHIISIT
BbB BpemeTo. 1o To3u Haunn LSTM mpexaTa 3aMecTBa aHaIUTHYHATa QYyHKLHS Ha mpexox f(+), 6e3 xa
HapyllaBa PeKypPCHBHHUS XapakTep Ha QUIThpa.

[IlecT3MepHOTO CHCTOSIHUE € N30paHO ¢ orIex OanaHcupaHe Mex1y HHGOPMATHBHOCT U YHCIIEHA
YCTOMYHMBOCT Ha (DUITPALMOHHHUS TIpoLiec. B pasriexaanus onpocTeH MOJIEI IECTU3MEPHOTO ChCTOSIHIE
BKJIFOYBA MO3UIIMS U JHHeiHa ckopocT Ha BJIA B mHepumanna pamka. To3u u3bop nossomsisa LSTM
MpeKara Jia MOJIeNIUpa JUPEKTHO AMHAMHUKATa Ha JBH)KCHHUE, 0e3 Jla e BhBEKIAT U3IHIIHK ChCTOSHUS,
KOUTO OMXa YCIOXKHWINM oOydeHHeTo M OMXa YBEIMYWJIM pHCKa OT IpeHamacBaHe. B cblioTo Bpeme
LIECTU3MEPHOTO CHCTOSIHHE € JOCTAaThbYyHO HMH(OPMATHBHO, 3a Ja OTPa3d OCHOBHHUTE HEIMHEHHU
3aBUCUMOCTH MEX/y YIPaBICHUE, MHEPLUHAIHA €()EeKTH U KHHEMAaTH4YEH OTTOBOP Ha CUCTEMATa.

ITo Bpeme Ha cumynaiusaTa 0;10kbT nn_predict_Istm noaabpika mrs3rai nposopen Bepxy Oydep
oT nocieanure L Bxoanu Bektopu. [Ipy Besika ANCKpeTHA CTHIIKA TO3H MPO30pel] ce 0OHOBSIBA, e/l KOETO
LSTM mpesxaTa H3BBpIIBA €HOCTBHIIKOBA MPOTHO3a HAa CHCTOSHHUETO Xjyiqj;. II0MydeHaTa mporuosa ce
M3I0JI3Ba JUPEKTHO B IPOTHO3HATa CThIKa Ha KanMaHOBHs GUATHD, KAaTO MO TO3W HAYUH aHATUTHYHUST
MOJIeN Ha JMHAMHUKaTa ce 3aMecTBa ¢ 00y4aeMm, Oasupanus Ha nanuu (data-driven) mozen. Kopurupaiara
CTBIIKA Ha (PUIITHPA OCTaBA HEMPOMEHEHA, KOSTO IapaHTHpa CTATUCTUYECKA KOHCUCTEHTHOCT M ITO3BOJISIBA
e(eKTHBHO KOMOMHUpAHE HA HEBPOHHATA MPOTHO3a ChC CEH30PHUTE N3MEPBAHUS.

IpeskirouBatensT Manual Switch urpae ocHoBHa poJisi B apXUTEKTypara — 4pe3 Hero ce u3bupa
KOH MoJien ce M3MOJI3Ba 32 M3YHCISBAHE HA IMPOTHO3HOTO CHCTOsIHHME. B mosumus ,,Harope cucremara
U3MON3BA MHAMUYHUS MOJEN fgypn, @ B HO3uuMsA ,Hanony* — LSTM npemukropa. Topa mo3sosssa
He3a0aBHO CpaBHEHHE MEX/Ty JBaTa MOAX0/a IPH HICHTUYHN BXOJHU Bb3/ICHCTBUS U HAYAIHH YCIOBHSI.

Broksr selAcc momaBa cenekTHpaHHTE H3MEpPBaHHUs OT akceilepomeTpute, gokaro selGyro
OCHT'YpsIBa CUTHAJIUTE OT )KHPOCKOMUTE. M3X0MiTe UM ce MoaBaT KbM ChbOTBETHHUTE [IyMOBH I'€HEPATOPH
nAcc 1 nGyro, 4usTO Liel € J]a BbBEIaT CTOXaCTHYHA KOMIIOHEHTa, CUMYJIMPAllla HEChbBBPILICHCTBATA HA
peanmnute MEMS cenzopu. Tesn mymoBe ce ycuiBar upe3 MaTpulM Ha qyBcTBuTeNnHOCT (Gace, Ggyro) u
Ce CyMHpAT ChC CbOTBETHUTE PEAJIHU CUTHAJIM MOCPEICTBOM O10K0oBe sumAce u sGyro.
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IomyyeHuTe cUrHanyu NpeACTaBIsBAT PEATUCTUYHU U3MEPBAaHUS HAa MHEpLMAIIHATA IIaThopMa U
ce 00e/IMHSABAT B IIECTKOMIIOHEHTEH BEKTOP Upojsy, KOHTO MOCTBIIBA €IHOBPEMEHHO KbM JIBaTa MOJIENA —
JMHAMHMYHHUSA 1 HEBPOHHUSL.

Ha n3xona Ha 6inokosere f_dyn u nn_predict_Istm ce ¢opmMupa HOBOTO ChCTOSHUE Xy 0y ¢, KOETO
ce 3amucBa B cboTBeTHUTE JTorose out.log_x_fu out.log_x_nn. Jlorst out.log_x chxpansiBa pehepeHTHOTO
,,ACTUHCKO CbCTOSTHUE, a UPEe3 Pa3/InKaTa MeK1y IPOrHO3UTE U HETO Ce OLEHsABA €()EKTUBHOCTTA HA iBaTa
Mozena.

Iozuunonnure u3meppanus ot GNSS ce peanuzupar upes 610k gPos, KoiTo Chabpka J1aroHaaHa
marpuna Ha mymosere diag([1.5,1.5,2.0]), xaTo BepTHKanHAaTa Ipelika € ABa I'BTH IO-TOJNSAIMA OT
xopu3oHTanHuTe. Te3u u3MepBaHus ce obeauHsBar ¢ pesynrature ot INS Onoka B sumPos, 3a nma ce
(bopMHupa CMECEHUAT BEKTOP Zj,, ChOTBETCTBAII HA PealHaTa HHTEIPUPaHa HABUTAIHS.

Koasr B train_Istm.m u nn_predict Istm.m peanusupa MeTomonorusitTa 3a oOydeHHE U
HHTErpalys Ha HEeBpoHHAaTa Mpexka B Simulink. O6yueHueTo ce 0a3upa Ha IPEABAPUTEIIHO OATOTBEHU
MOCIEI0BATEIHOCTH [X), U] = Xj41, KOMTO OTpa3sBaT AMHAMUKATA HA arnapata B yCIOBHs Ha IIyM.
HeBponHaTa apxuTeKTypa BKIII0UBa BXOJIEH ClIoi oT 12 npu3sHaka, exus ckput LSTM cnoit cbe 64 HeBpoHa
U PErPECHOHEH M3XOJIEH CJION OT 6 MapamMeThpa, ChOTBETCTBAILHM HA BEKTOPA HA ChCTOSHUETO.

Ciien 00y4eHneTo Mpexkara ce eKCIopTapa BbB (aiin Istm_dyn.mat, koliTo ce 3apexna 1o Bpeme
Ha cuMynanus oT nn_predict_Istm.m. B To3u daiin ce chbxpaHsiBaT U IapaMeTpUTE Ha HOPMaJU3aLHs
(Ux, 0x, Uy, Oy), ocurypsiBau cbBMecTUMOCT Ha gaHHUTe Mexay MATLAB u Simulink cpenmara
(mapametpute ca onucanue B Error! Reference source not found. Ha npunoxeHueto).

IIpu cumynanus B peanHo Bpeme MATLAB Function 6:10xbT nn_predict_lstm n3BukBa merozna
predict() Ha oOy4eHaTa Mpexa M BpbIla €JHOCTHIIKOBA MIPOrHo3a. Ta3u MHTErpalus OCUrypsiBa 3aTBOPEH
KOHTYpP MEXJy MallIHHOTO 00y4eHHe U QH3MUeCKaTa CUMYIIALMS — BayKEH HPHHIMUI IPH H3CJICABAHUATA
Ha aBTOHOMHM CHCTEMH.

Tazu apxuTekTypa e u36paHa ¢ Lell Ja N03BOJIH NapajienHa padoTa Ha ABa HE3ABUCUMH MPOLIECHH
MozeNa — KIACHYeCKM U HEBPOHEH, NpH IbJIHA CbBMECTUMOCT HAa BXOJOBETE U H3XOMUTE.
IIpeBKIIOYBATENAT CIIY’)KH KaTO €KCIIEPUMEHTAJIEH MEXaHU3bM 32 OLEHKA Ha yCTOMYMBOCTTAa U TOYHOCTTA
Ha LSTM mopena B cpaBHEHHE C aHAIUTUYHUS JMHAMUYEH MOJEIL.

Cucremara n1aBa Bb3MOKHOCT 3a:

® CpaBHEHHME HA JIMHAMUYHU TPAEKTOPUM NPU €JIHAKBHU yCJIOBHS;

e M3UHMCIIsABaHE Ha TPEUIKUTE B peanHo BpeMe upe3 RMSE kpurepuit;
e BH3yalHU3alMs HA CbCTOSHHATA X, Y, Z B TPUMEPHO IIPOCTPAHCTBO;
® OIIEHKA Ha YCTOMYMBOCTTA NIPU LTYMOBU CMYLIEHHUSI.

3.2.3. Humezpayus na LSTM npeouxmopa.

Wurerpauusita Ha LSTM npenukTopa B cpenata Ha MATLAB/Simulink peanusupa npexoasT ot
AQHAIMTHYHO ONMCAHNE HA IHHAMUKATa KbM MallIMHHO-00y4eH Mojien. OCHOBHATA 11eJT Ha Ta3W HHTErpaLus
€ Ch31aBaHEeTO HA XHOpHIHA CHMYJAIMOHHA IUIAaT(GOpMa, B KOSTO HEBPOHHATA MpEKa IoeMa poIsiTa Ha
TpOLECcEH MOJEN fgypn, KAaTO TPOTHO3UMPA CHCTOAHMETO HA CHCTEMATa Bbh3 OCHOBA HA BPEMEBH
HOCJIEZI0BATEIHOCTH OT BEKTOPUTE HA ChCTOSIHUE U YIIPABICHHUE.

OOyueHunero ce u3BbpiIBa ¢ ontuMusarop Adam, 35 emoxu u pasmep Ha MuHMNakerute 128.
AnropursMbT Adam (Adaptive Moment Estimation) e MeTox 3a CTOXacCTUYHO IPajUCHTHO CIIyCKaHe,
KOHTO Ce € HAJIOXKMII KaTo CTaHJapT B 00yYEHHETO Ha JbIOOKH PEeKYPEHTHH apXUTeKTypu. M300pbT Ha
TO3HU ONTUMHU3ATOP € MPOIUKTYBAH OT CIOCOOHOCTTA MYy [ aJialiTUpa JMHAMHUYHO CKOPOCTTA HA 00yUeHHE
(learning rate) 3a Bceku OTAEIEH MapaMeThp Ha Mojena, 0a3upaiiki ce Ha OLCHKM Ha IbPBUSl U BTOPHUS
MOMEHT Ha IpaJHeHTHUTE.

3a pa3nuka OT KJIACHYECKOTO CTOXACTHYHO rpaaueHTHO crnyckaHe (SGD), kpaeto crbhkaTa Ha
obyuenue ¢ (ukcupana 3a Bcuukd Teria, Adam xomOuHMpa npenumctBara Ha Meroqute AdaGrad
(Adaptive Gradient Algorithm) 1 RMSProp (Root Mean Square Propagation). AIropuTbMbT MOAABPKA
SKCIIOHCHIMAJIHO 3aTHUXBAIIM CPEIHHM CTOMHOCTH HAa MHHAIMTE TIPAJUCHTH (QHAJIOr HA HWHEPLHOHCH
MOMEHT) M Ha TEXHHTE KBaJpaTH (aHaJlor Ha HELECHTpUpaHa aucrepcus). ToBa Mo3BoyisiBa epeKTUBHA
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HaBUTaIUs B MOBbPXHUHATA HA TPEIIKAaTa, KaTo Ce YCKOPsBa CXOAWMOCTTA B "paBHUTE" y4yacTbLU U ce
MPEIOTBPATIBAT PE3KUTE OCUMJIALMM B CTPBMHHUTE HAMpPaBICHHS — KPUTHYHO IPEAMMCTBO IIPH
o0y4enunero Ha LSTM mpexu BbpXy 3allIlyMEHH CEH30PHHU JaHHH.

XurneprnapamMeTpuTe Ha TPEHUPOBBYHHS IPOLIEC Ca HACTPOCHH EMIMPHUYHO 3a TOCTUTaHE Ha OaaHc
MEX]y CKOPOCT Ha CXOJUMOCT M '€HepaIM3allMOHHA CTIOCOOHOCT:

o IIpoawsaxurennocr: OOydeHHETO ce NMPOBEXIa B paMKHUTe Ha 35 emOXH, KOETO OCHUTYypsiBa
JIOCTaThYHO UTEpAlMU 32 MUHUMH3HpaHe Ha QyHKIMsATa Ha 3aryoute (Loss Function), 6e3 na ce
noctura 1o npeodydenue (overfitting).

o Pa3mep Ha muau-nakera (Mini-batch size): M3non3Ban e pasmep or 128 mpumepa. To3u obem
OCHTYpsiBa JIOCTaTBYHO TOYHA CTOXAaCTHYHA OLIEHKA HA IPaJUEHTa, HAMAISABAlKM IIymMa IpH
OOHOBSIBAHETO HA Terjara, KaTo CHUICBPEMEHHO II03BOJISIBA €(EKTHBHO IMapalein3upaHe Ha
U3YKCIIeHUsATa BbpXY rpaduunus yckoputen (GPU).

Usxomuusar wmoxen Istm_dyn.mat cbappxka Kakto oOydeHHTE MapaMeTpH, Taka H
HOPMAIM3ALMOHHUTE KOS(DULUEHTH, OCUTYPSBAIIM CHBMECTHMOCT MEXJYy TPCHHPOBBYHATA M
cuMynanuoHHara cpena. Ha @urypa 26 e mokazaHa HOpMalu3alOHHATa Trpaduka npu oOydYeHHE Ha
Moziena.

®urypa 26. I'paduka Ha oGyyenne Ha mogesa B Mathlab Simulink.

Cunen 00yuenuneTo MoaensT ce uHTerpupa upe3 MATLAB Function 6:10ka nn_predict_Istm, xoiito
ce M3BHKBA BbB BCEKH BPeMeBHU LUKBI OT Simulink.

Crexl IPUMKIIOYBAaHE HA CHMYJIALMOHHUTE EKCIIEPUMEHTH, F€HEPUPAHUTE MAcHUBU OT JaHHU ce
mojularaT Ha Iociejsamia obpaborka (post-processing) u aHamu3 B nporpamuara cpega MATLAB.
Merozonoruara 3a BanMIalMs BKJIIOYBA M3YMCISIBAHE HA cpeJHOKBaapaTHyHara rpemka (Root Mean
Square Error — RMSE) kato 0OEKTHBEH KOIMYECTBEH KPUTEPHH 32 TOYHOCT, KAaKTO M CpPaBHUTEIIHA
BU3yaln3alys Ha OlieHeHNnTe Tpaektopuu crpsmo ertanonHute (Ground Truth).

Crnen xopekis Ha KOH(UrypanusTa Ha CHMYJAlMOHHHS MOJEN U IIOBTOPHO INPOBEXJaHE Ha
eKCIIepUMEHTHTE ce Habiro1aBa npomsiHa B noseaeHneTo Ha LSTM npeaukTopa, KOSTO € ChbBMECTUMA C
KOpEeKTHaTa My MHTErpauus B IporHo3Hata creika Ha Kammanosust ¢puntsp. Kopekuusra ce cbeton B
NpOMsHAa Ha HAuyMHA, 10 KOWTO HEBPOHHMAT MOJEN € BKIIOYEH B IPOTHO3HATA CTBIIKA, KATO
MPEBKIIOYBATEIST B CUMYJIAlMOHHATA CXeMa € KOH(pUTrypupaH Taka, ue u3xoasT Ha LSTM na ydactBa
JVPEKTHO B M3YMCIIIBAHETO HA alpHOpHATa OLCHKA Ha CHCTOSHHETO BMECTO AHAINTHYHUS AUHAMHUYCH
mozen. [lo To3m HauuMH e peanu3upaHa npensuaeHata xubOpuana crpykrypa LSTM+KF, npu kosto
HEBPOHHMAT MOJIEN M3IIBJIHSBA POJISATa HA NMPEIUKTOP, a N3MEPBAHUATA CE M3IIOI3BAT B KOPEKI[MOHHATA
CThIKa Ha QUITHPA.

[Mony4enuTe pe3yiaTatié MHANKHUPAT, Y€ BHCOKATa Ipellka, HaOIr0JaBaHa B HAYATHUTE TECTOBE, €
Ouia B 3HAYMTENHA CTEIEH MOBJIMSIHA OT HEKOPEKTHA UHTErpalys/KoH(Urypauus Ha HEeBPOHHHS MOJEN B
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xubpuaHara cTpykrypa. [Ipu KOpeKkTHa HACTPOiika HEBPOHHUST MOJEN BB3IPOM3BEKAA JHHAMHUKATA Ha
CHCTEMaTa M0-aJIeKBaTHO CHPSIMO HEKOPEKTHHS PEXXUM Ha paboTa.

Bwopeku ToBa, KakTo € mpezcraBeHo B Tabmuna 8, npu (UHAIHOTO CpaBHEHHE MEKAY JBaTa
MOAXO0/ia aHAMTHYHKUAT AuHamMuueH Mozen f dyn IeMOHCTpHpa IMO-BHCOKA TOYHOCT B PasriIeikKIaHHs
cueHapuil. Hanpumep 3a miecrata komrnoHeHTa Ha cbeTosiHueTo (State 6) e ordereno RMSE f dyn =
0.0031, moxato mpu LSTM e RMSE_LSTM = 0.2652. Ananoruuna TeHJeHuus ce HaOlonaBa M 3a
OCTaHAIUTE KOMIIOHEHTH, KOETO II0Ka3Ba, 4Ye NpHU JAJCHUTE YCIOBHS AHAIUTUYHMAT MOJEN 3ama3Ba
3HAYUTEIHO M0-BUCOKA TOYHOCT..

Tadanna 1. CTaTHCTHYECKA OLIEHKA HA TOYHOCTTA HA ABATa MoJeJIa.

State RMSE_f _dyn RMSE_LSTM
1 0.0021 0.1985
2 0.0037 0.3839
3 0.0054 0.6107
4 0.0011 0.1344
5 0.0021 0.1448
6 0.0031 0.2652

H3mounux: MathLab cumynayus 6 KOH301ama Ha NPUTOHCEHUEMO.

Pesynrarure nomgueprasar, ye LSTM moaxonbsT He ciefBa a ce pasriekaa KaTo JUPEKTHA U
VHHMBEpCajHa 3aMsHa Ha aHATUTHYHHS JWHAMHYCH MOJEJN, a KaTo JOIBJBAaIl HHCTPYMEHT, YHATO
e()eKTHBHOCT 3aBUCH OT KOH(Urypauusra, pexxuMa Ha paboTa U KOHKPETHHUsI cleHapuil. B ycrnosus, npu
KOMTO (pu3uueckusaT mMojen e no0pe neduHHpaH M cucTeMara He MpOosiBIBa M3pa3eHO HECTaHAAPTHO
TIOBEIEHNE, MOJICITHO-0a3UPAHUST IPEUKTOP OCTaBa IO-HAASKICH 110 OTHOIIEHHE HAa TOYHOCTTA

Ourypa 27 noka3Ba AMHAMHYHOTO TMOBEACHUE Ha JABaTa Mojena. IIpu JocTaThyHO KOJIUYECTBO
TPEHHPOBBYHHM JJaHHU ¥ KOPEKTHO 3a1ajieH Oydep, apmkrHata Ha LSTM npo3opera ocurypssa nporsosa,
KOSITO Clie/IBa peaiHaTa TPACKTOPHUS ¢ MUHHUMAITHO (pa30BO M3MECTBAHE.

Cpasnenne wa Tpaexropu: Peanwa TpaekTopus, ¢ EKF u ¢ LSTM-KF
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®urypa 27. I'paduka cpaBHABALIA TPAEKTOPUATA HA CHHTeTHYHUTe AaHHU 1 LSTM Mmopneaa.

Yim ¢

B tabauna 22Error! Reference source not found. Ha npunoxenne Nel KbM AHCEPTALHOHHUS
TPy ca MpPEACTABEHH BCHUYKH IapaMeTpyd Ha OOYYCHHETO M MPOU3BOAUTEIHOCTTA HA MOJEla.
Nurterpauusita Ha LSTM npeankropa B Simulink 1eMoHCTpHpa Bb3MOXKHOCTTA 3a Ch3/1aBaHe Ha XUOpHIHA
HABUTallMOHHA CHCTEMa, B KOSTO MAIIMHHOTO OOydYeHHE He MPOCTO MMHTHpA, a YACTUYHO 3aMecTBa
AQHAIMTHYHUTE YPaBHEHUS Ha JBIKEHHETO. Taka pa3paboTeHara CHCTEMa I103BOJISIBA CKCIIEPHMEHTAIHO
CpaBHEHHE Ha JBETE€ MapaJurMH — KIACM4YeCKa W HEBPOHHA, NPHU WACHTHYHH YCIOBHS, KOETO
MpeICTaBIIsIBa CHIIECTBEH MMPUHOC B 00JacTTa Ha HHTENUreHTHHTE INS apXuTeKTypH.

3.3. U3BOJU OT I'/TABA 3.

1. Ilpemnoxenusr Moxen, peammsupana B MATLAB/Simulink, xoMOuHHpa peKypCHBHHSA
MEXaHU3bM 32 MHTETPHpaHe Ha ceH30pHH AaHHU (predict—update) Ha KanmanoBara duntparms
¢ 6asupaHO Ha NAaHHM MOJENIHPAHE Ha IPOIECHATA JMHAMUKA 4pe3 JbJIOOKA PEKyPEHTHA
Mpexa, karo LSTM-6a3upanust mnpoueceH OMOK (yHKIHOHMpA KaTo aiTepHAaTHBAa Ha
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AQHAJUTUYHMS IIPOIECEH MOJEN B NPOTHO3HATA CTHIIKA, KOPEKIMOHHATa CTHIIKA OCTaBa B
paMkara Ha (QUITPALMOHHMS AITOPUTHM, HEBPOHHHUAT M (MITPALMOHHHUAT MOIYJ PabOTAT
BBPXY YHU(HIPaHA BpeMeBa 0a3a ChC ChrilacyBaHH HHTEPGEHCH 1 Pa3MEPHOCTH Ha BXOJHO—
H3XOJHUTE CUTHAJIH.

2. Ilpu pasrienaHuTe CUMYJIALMOHHY CLEHAPHHU U3ITBIHEHUETO HA MOJIeNIa IPOTHYA Oe3 YHCIeH!
aHOMAaJIMH (HEBAJIMIHYU WM HEKOPEKTHH YHCIOBH CTOMHOCTH) HA M3X0/1a Ha HEBPOHHUS OJIOK,
KaTo € MpeBUACHA 3aIllUTHA MPOBEPKa 32 HEBAJIMIHU CTOMHOCTH B nporro3ata Ha LSTM. 3a
pasriiexiaHus cueHapuit pesyntature ot tabmuua 8 nokassar RMSE 3a fg,, B untepsana
0.0011 - 0.0054 mo xomnoHeHTH, a 3a LSTM - 0.1344 - 0.6107, xoeTo XxapakTepH3Upa pasinuka
OT MOPSAABK MEX/Y J[BaTa IPOLECHH IIPEIUKTOpa IPH 3alaICHUTE YCIIOBUS HAa EKCIIEPHMEHTA.

3. Tlpu eKCHEPUMEHTATHOTO CPABHEHUE HA AHAJIMTUYHHUS MPOLECEH MOJEN fgyy M MPOLECHUS
MIPEIUKTOP, PeATN3UpaH ¢ peKypeHTHa HeBpoHHa Mpexa oT Tun LSTM, kato eaHOCTHIKOBU
IIpeACKa3aTeNnn Ha MIECTH3MEPHOTO ChCTOSHHME (TIO3MIMS U JIMHEHHAa CKOPOCT), IOJydYEHHTE
RMSE chpsiMo peepeHTHOTO ChCTOSIHHE TTOKa3BaT ChHIECTBEHA pa3jinKka B TOYHOCTTA IPH
3a71a/ICHUTE YCIIOBUS, KaTo fgy, 1aBa CTOMHOCTH OT MOPSAIBK 1073, a LSTM - ot nopsiabk 107!
10 KOMIoHeHTuTe (Tab. 8).

4. TlomydeHHWTE CHMYNAIMOHHU pE3ylTaTH OOOCHOBaBAT HEOOXOJUMOCT OT IOITBJIHHUTEIHA
BAIMJALMS [IPU Pa3IM4YHU NPO(GUIM HA ABWKEHHE W YCIIOBHS, BKJIIOUMTEIHO BapUallMd Ha
rapaMeTpH, BpeMEHHa 3ary0a Ha W3MEpBAaHUS M HECHOTBETCTBUS MEXIy CHUMYJIAIIOHHU U
peayiHy JaHHU.

I'VIABA 4.
EKCHEPUMEHTAJIHO U3CJIEABAHE HA IPEJJIO)KEHATA HEBPOHHO-
MMOJACHUJIEHA UHTEIT'PUPAHA HABUTAIIMOHHA CUCTEMA.

4.1. OnucaHyue Ha eKCNePUMEHTAIHATA cpefa.

CHMynalMOHHHTE CKCIICPUMEHTH ca IIPOBEJCHM B  pas3BOifHaTa IIporpamMHa cpena
MATLAB/Simulink, kato ca usnon3zBanu uHCTpyMeHTHTEe 0T MATLAB and Simulink Student Suite.
INaxersT Britousa MATLAB, Simulink u gecer mupoko U31013BaHK JOIBIHUTEIHH OUOIHOTEKH, KOUTO
ocurypsiBaT HeoOXOJMMHUsI HA0Op OT CpeCTBa 3a YHCIIEHAa CHMYJalus, 00paboTka Ha BPEMEBU pPEIOBE,
NPOTOTHIHpPAHE M JUPEKTHO H3IBIHCHHE HAa MOJENIH BBPXY HHUCKOOIOMKETCH xapayep. Tasu
KOH(Urypanus mpenocraBs (yHKIMOHANHA cCpeAa 3a M3rpak[aHe, TECTBAaHE W ONTUMHM3ALUS Ha
XUOpUIHNUS HAaBHTAIOHEH MOJEN, KOHTO koMOMHMpa Kiacuuecka KanmanoBa ¢uirpanus ¢ HeBpoHHA
apxurekTypa ot T LSTM.

CumynaiuuTe ca U3IbJIHEHN BbPXY CHCTEMa ¢ apXuTekTypa x64, padoterua mox Windows 11 Pro
(Bepcust 25H2, xommmmanus 26200.7623). XapayepHara miardopma Brimousa Intel(R) Core(TM) i7-
14700HX (2.10 GHz) mpouecop ¢ TakroBa decrota 2.10 GHz u 32 GB RAM, koero mo3BossBa
CIHOBPEMEHHO I3NbiHeHue Ha cinoxHu MATLAB 3amaum, onTMMuU3anus Ha HEBPOHHH MpPEXKH H
BU3yalu3allys B peaiHo BpeMe Ha pesynrarute oT Simulink monena (¢ur. 25, I'nasa 3). Hannynata RAM
ImaMeT OCHTypsiBa JOCTaThUYCH pecypc 3a 00paboTKa Ha TOJIEMU BPEMEBH DPEIOBE, BKIIOUHTEIHO
cuHTeTnuHO reHepupand IMU naHHu u mymoBH mnpoduiM, 0e3 na ce HaOnoAaBaT OrpaHHYEHHs B
npom3BomuTenHOCTTa. OIepallMOHHAaTa CHCTeMa M HEHHUTE YCTPOWCTBA 3a YIpaBICHHE Ha
M3YHUCIIUTEIIHUTE PECYPCH CIOCOOCTBAT 3a CTAOMIIHO TOBEACHHE HPH NMPOIBIDKUTEIHH EKCIEPUMEHTH,
BKJIIOYUTEITHO ITPY HEBPOHHO 00y4eHue ¢ mini-batch pexum.

ExcnepuMeHTanHuTe NaHHU C€ CHCTOSAT OT HA0OPU CHHTETHYHHM M PEATMCTHYHO MOJCIHUPAHU
n3MepBanus 0T IMU ¢ TPHOCHH YCKOPEHHS M BITIOBH CKOPOCTH, KOHTO ca T€HEPHpaHH Taka, 4e Jaa
NpeCTaBAT HENUHEHA JAMHAMUKA, XapakTepHa 3a Malku Oe3NMJIOTHH amapaTtu. Bxoamure curHamm
BKJIIOYBAT KOHTPOJHH JEHCTBHS, NPOMHIN Ha YCKOpPEHHE, BIVIOBA CKOPOCT Ha 3aBbpTaHe (yaw rate),
MaHEBpH U IPOMCHH Ha BUCOYMHATA. JJaHHUTE ca CTPYKTYpUPaHU KaTO BPEMEBH PEIOBE C AUCKPETH3AINS,
cpoTBeTcTBala Ha peaner IMU (100-200 Hz), koeto mo3BonsBa epektuBHO TecTBane Ha LSTM 6Gioka
IIPH Pa3INYHU CHCHAPUH HAa CTAOWIIHOCT U CMYIICHHS.
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CuMyJalOHHATa Cpe/ia JOITyCcKa KOHTPOJIHPAHO 3aJaBaHE Ha IIIyMOBH MOJIEJIH, BKIFOUUTETHO 0511
raycosB IIyM, TEMIIEpaTypHO 3aBUCHM Jpeii(), OTKIOHEHHs OT THIa bias instability u Mozen Ha ciydaitHOTO
onyxnaene (Random Walk). Te3u nmapamerpu ca peanusupanu B MATLAB upe3 cToxacTUuHH MpoLecH,
3a /1a ce anpokcuMupa peasHoTo noseaeHne Ha MEMS IMU. B oTnennu TecToBH ClieHapHuy ca BKIIOUCHH
Y U3KYCTBEHO YCHJICHH CMYILUECHUs, CBbP3aHH C BUCOKO(PEKBEHTHU BHOpALIMH, KOUTO YECTO HApyIIaBaT
TOYHOCTTA Ha XMPOCKOIUTE IPU JUHAMUYHU MaHEBPH.

EnuH chiecTBeH acmekT Ha eKCIepUMEHTAIHATa HacTpoiika e mojenupaneto Ha GNSS 3aryou u
nerpaganuu. B Simulink e xondurypupan moxyn 3a cumymnanus Ha GNSS dropout, BKIIOYBaI ITbJIHA
3ary0a Ha MO3UIMOHHM W3MepBaHus 3a UHTepBaiK oT 5 10 40 cekynau. [lapanenHo ¢ ToBa € BKIIIOUCH U
Mmozen Ha GNSS mIyM cbC CIEKTpalHH XapaKTepPUCTHKH, KOMTO HMUTHpPAT jamming 1 multipath edexrw,
XapaKTepHM 3a TPaJCKH KaHbOHM WM EJIEKTPOHHO cMylueHue. ToBa IO3BONsBA Oa ce H3ClenBa
YCTOMYMBOCTTA HAa XMOPUIHUS MOJIEIN CIIPSIMO OTKIOHEHHS B pexkuM Ha dead-reckoning ¥ ja ce OleHH anu
HEBPOHHMSAT OJIOK YCIEIIHO KOMIIEHCHPA CTPYKTYPHHTE CIa00CTH Ha KIACHYECKHS MTPOLECEH MOJEI.

Hacrpoiikute Ha ekcrnepUMeHTalHaTa cpela MO3BOJIABAT MHOTOKPAaTHO BB3IPOM3BEXKAAaHE Ha
TECTOBHUTE CIIEHAPUM, KAKTO M HW3BBPIIBAHE HAa YYBCTBUTEIHOCTHM AQHAIM3M BBPXY [apaMeTpuTe.
MATLAB mnpejuiara BrpaicHd MHCTPYMEHTH 3a aHAJIN3 HA TPEIIKUTE, BU3yalIH3alds HAa TPaeKTOPHUH,
KaKTO M aBTOMaTUYHO U3YHUCIIABaHE HA Moka3aTenu kato RMSE, nHOBaloHHa KoBapuaLus 1 CKOpOCT Ha
KOHBepreHuus. To3u MHTErpupaH HOAXOJ IO3BOJSBA NETANIHA OLEHKa Ha XUOpUIHATA apXUTEKTypa
TIpeay NIpeMHHaBaHEe KbM KOMIUICKCHATAa CUMYJIAllMs HA ITbJIHATa MHTETPUPAaHa HAaBUTallMOHHA CUCTEMA B
ClIeBAILUTE PA3AEIH.

4.2. Cuenapuii 1: Hopmannu yciioBus.
Hacrosmusat ekciepuMeHT UMa 3a LIl Aa OLeHU noBeeHueTo Ha cranaapTHus Extended Kalman
Filter (EKF) u na npemnoxenus LSTM-ycuien KaamanoB ¢puarsp (LSTM-KF) npu Hopmanuu
YCIIOBUSL Ha JBIKEHHE, 0€3 OTKa3sH B CCH30pUTE M NP HOMHMHAJIHM CTOWHOCTH HAa UIYMOBETE B
akcenepomerspa, sxupockona u GNSS monyma. Cpenata Ha eKCIEpHMEHTa € peaju3upaHa H3LSIO0 B
MATLAB / Simulink, xato 6:10xoBaTa cxema Ha MoJiella ChOTBETCTBA Ha OMNKCaHaTa B paszen 3.2.2, a
JUHAMHYHUAT MOZIENT U N3MEPBATEIHUTE YPaBHEHHS ca ()OPMYJIMPAHH CHIVIACHO pa3zaen 3.

4.2.1. Memoouka na npogesxicoane.

I'eHepupanusT HaOOp OT AAHHH Xppye(t), U(t) m Z(t)onmcBa ABHKEHHETO Ha OE3MUIIOTHATA
CHCTEMa B PaBHUHHA TPAEKTOPHS C IIOCTENEHHO HApacTBalla CKOPOCT U MOCTOSHEH BPEMEBH MHTEPBAJl Ha
nuckperuzaimg At = 0.01 s. /lanHuTe ca U3MOI3BaHMU 32 IBE HE3aBUCUMU CUMYJIAIUU:

1. EKF c anaauruyen mopen (f_dyn) — 3a nporaoszupane Ha CbCTOSHUETO CE U3II0JI3BA JUCKPETHOTO
ypaBHEHHE Ha JABH)KEHHETO:

Xpr1 = fayn(Xi, Wy, AL), (4.1)
peanusupano B ckpunta fdyn_step.m (Bx. [Ipunoxenuero).

2. EKEF c HeBpoHeH npeaukTop (LSTM-KF) — BMecTo aHaIUTHYHUS MOJET C€ U3I10J13Ba 00yueHarTa
pEeKypeHTHa HEBpOHHa Mpexa, HUMIUIeMeHTHpaHa upe3 ¢yHkuusra nn_predict Istm.m (Bx.
npuiIoKeHnero).Mpexxara e oOydeHa Mo ckpumra train Istm.m (BX. HPHIOKEHHETO) BBPXY
MOCIIEJOBATEIHOCTH € IbbKUHA L = 20, ¢ BXOJOBE [Xj; Uy |¥ LENEBH M3XO/ X4 1.
3a ;Bara BapHaHTa ca W3ION3BAaHM CIHAKBH HA4YalHM YCIOBHS W LIYMOBH Iapamerpn Q =

diag (0.01,0.01,0.02,0.01,0.01,0.01), R = diag (1.5%,1.52,2.02).

4.2.2. Pesynmamu 3a EKF c ananumuuen moden.

®urypa 28 nokazBa BpeMEBUTE 3aBUCUMOCTH Ha KOOpAMHATATA P, ¥ ChOTBeTHATa rpemka Ha EKF.
HabGumonaBa ce crabuiiHa KOHBEPreHUMs M MajKa aMIUIMTYJa Ha (IYKTyallMUTe OKOJIO HyJaTa, KOEeTo
CBHICTENICTBA 32 a/IeKBATHO (DYHKIHOHUpPAHE Ha (DUITHPA MIPU MIPABHIIHO 33/1a/IeH JUHAMUYCH MOJICI.
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®urypa 28. /lunamuka Ha no3uuusTa u rpemkara npu EKF ¢ ananmutuyen moaea (f_dyn).

03

Taéuua 9. Cpegnoxksaaparnyna rpemka (RMSE) na EKF no cbcTossHUSI IPH HOPMAJTHH YCJIOBHS.

State RMSE_KF
1 0.0906
2 0.0906
3 0.1203
4 0.0752
5 0.0752
6 0.0741

Cpennara croiiHoct (Tabmuua 9) Ha obmara rpemka RMSExr operqu = 0.087656667 IOTBBpKIaBa BUCOKA
TOYHOCT Ha IIPOTHO3UPAHETO MPU OTCHCTBUE HA HETMHEHHN e(DeKTH U TMHAMUYHH HAPYIICHUS.

4.2.3. Pesynmamu 3a LSTM-KF.

Durypa 29 umoctpupa pesynratute npu usnomnspane Ha LSTM-npeaukropa. [Ipu To3u cueHapuii
HEBPOHHATA MpEXa Bh3MPOU3BEKIa ANHAMUKATA HA cUCTeMara, o0ydeHa ¢ qanHuTe ot Simulink-monena,
0e3 mpsAKO IO3HaBaHE HAa (PU3UUECKUTE ypaBHEHUs. Makap ue QopmaTa Ha TpPaeKTOpHsATa CleaBa
TEHJCHLUATa Ha peajlHaTa, ce HaONI0JaBa CHCTEMHO HM30CTaBaHE, KOETO BOAM JIO HATpylBaHE Ha
OTpHLATENIHA IPELIKA.

Py Peanma Tpaektopun | ¢ LSTM-KF

Tpewka Ha LSTM-KF no p,

L
(] 10 20 30 ) 50 0
tis]

®urypa 29. lunamuka Ha no3unusTa u rpemkara npu EKF ¢ LSTM npeauxrop (LSTM-KF).
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Tabauna 10. CpeaHoxkBaaparuuna rpemika (RMSE) na LSTM-KF no chbcTosiHusI IPH HOPMAJIHH
yca0Bus.

State RMSE LSTM
57.537

114.970

171.980

3.398

5.528

8.813

Y IAEN SIS

Ob6wara cpeana rpemka € RMSE; sty overqu = 87.77, KOETO € 3HAUMTENIHO HO-roj1AMa CTOHHOCT
B cpaBHenue ¢ kinacudyeckus EKF (Ta6nuna 10). OcnoBHarta npuunHa e, ye LSTM-npequkTopsT € 00yueH
BbPXY OrpaHH4eH HAOOp OT JaHHU M HE € MU3BbPIICHA JOIBJIHUTEIHA JCHOPMAIN3aLus B PEalHO BpeMe,
KOETO BOJIHM JIO MO/ILEHIBAHE HAa YCKOPEHHUETO U CJIJOBATEIHO 10 KyMyJIaTHBHA MO3UIMOHHA TPELIKa.

4.2.4. Cpasnumenen ananus.

Ha ®wurypa 30 e moka3aHa TpUH3MEpHaTa TPAcKTOPHUsS Ha JIBIKECHHETO NPH JBaTa (GUITHpa U
pedepentuust moaen. EKF (cyan) mpakTudecku chBmaaa ¢ peanHara TpaekTopus (OsIa JIHHHSA), JOKATO
LSTM-KF (uepBeHa MHHS) clieBa 10J00Ha (JopMa, HO C OTYCTIMBO CHCTEMATHYHO U3MECTBAHE 110 OCTa
YuZ.

®urypa 30. CpaBHenue Ha TpaekTopuute npu EKF n LSTM-KF B HopManHu yc/ioBHsl.

AHanu3bT Ha pe3yNTAaTHTE II0Ka3Ba, Y€ NP HOMUHAJIHU YCIOBUS M CTaOWIHA IWHAMUKA
kinacuueckuaT EKF moctura 3Ha4mMTeNHO HO-BHCOKAa TOYHOCT OJarogapeHHe Ha TOYHOTO (PHU3HMYECKO
onucanue Ha cucremata. LSTM-ycunenusT GuaThp, Makap U Ja JeMOHCTPHpA KOPEKTHO MOBEICHHE Ha
CKOpPOCTHHTE KOMIIOHEHTH, M3MCKBA JIONBIHUTEIHO OOy4YeHHE W ONTHMH3ALM HA HOPMATH3AIMOHHUTE
KOS(HIMEHTH, 3a J1a HOCTUTHE CPaBHUMA IIPOU3BOIUTEIIHOCT.

Benpekn TOBa eKCHEPHMEHTHT JOKa3Ba (YHKIMOHAIHATA CHBMECTUMOCT Ha HEBPOHHUS
npeaukTop cbe crpykrypara Ha EKF u ch3paBa mpeanocraBku 3a mocieiBalld CLEHAPHU, B KOHTO
MOZENBT Ha JUHaMHKaTa ¢ HapymeH min GNSS n3MepBanusta orcecrBar. IMEeHHO B Te3M yciioBus ce
ouakBa LSTM-KOMIOOHEHTHT /A2 HPOSIBU CBOETO NPEAMMCTBO, KOMIIEHCHPAMKH HEOIPEIeIeHOCTTa B
CHCTEMHHUSI MOZIEI.

4.3. Cuenapuii 2: 3ary6a na GNSS / DR pexum.

B T031 ekcnieprMeHT ce MOJeNpa CUTyalusl, PU KOATO OOpoBaTa HHTErpPHpaHa HABUTAI[MOHHA
cucrema ryou GNSS HabmoneHus 3a onpezeneH BpemeBd unreppan (t = 10-40 s), karo npemuHaBa B
pexuM Dead Reckoning (DR). Llenra e aa ce aHanu3upa cmocoOHOCTTA Ha JiBaTa MOAX0/a — CTaHAapTeH
Kanmanos ¢untsp (EKF) n HeBponno-noacmier LSTM-KF — na mogabp:xaT TOYHOCT M CTaOMIHOCT Ha
OLICHKHTE MPU OTCHCTBUE HA BBHHIIHU KOPEKIIHH.
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GNSS wu3mMepBaHuATa, 3amMcaHd B MacuBa out.log z, ca M3KYCTBEHO 3aHYJICHH B IIOCOYEHHS
HHTEpBaJl, KOETO CUMYJIHpa peanHa 3aryba Ha cnbTHUKOB curHai. [Ipu EKF anroputsMsbT ce cBexaa 10
YUCTO MPOTHO3UpPAaHE Ha ChCTOsHHMETO upe3 muHamuuHus wmozaen f dyn, mokaro mpu LSTM-KF
MIPEMKIUATA CE U3BBPIIBA OT HEBPOHHATa Mpeka nn_predict Istm, oOydeHa BbpXy I1OCIIEIOBATEITHOCTH
OT CEH30pHHM JaHHH. Ta3um apXuTEKTypa I03BOJSIBA M3IOJ3BAHETO HA IAMETTa HAa MpexaTa Karo
3amecTuTel Ha muncBamara GNSS undopmarus.

Ha ®urypa 31 e noka3zana BpeMeBarTa €BOJIOLYS Ha KOOpJMHATATa P, M ChOTBETHATa IpEIIKa 3a
nBara ¢unrspa. Bunno e, ve EKF (1maHoBa nuHMS) OKa3Ba HapacTBAIO OTKIOHEHHE, KOETO JOCTUTA
npubiuzuTenso 80 m B kpast Ha 3arybara Ha GNSS curnana, nokato LSTM-KF (uepBena nuHus) 3amnassa
OLIEHKaTa NMPAaKTHYECKH ChBIAJANIa C peanHara Tpaekropus. Ciel] Bb3CTAaHOBSBaHE Ha CITTHUKOBUTE
nannu npu t > 40 s, EKF 6aBHo HamansiBa rpemikara cu, gokato LSTM-KF Beue e cTabuian3upan 0KoJo
PEaTHOTO ChCTOSIHUE.

Moswuns p, npw 3ary6a Ha GNSS (Cuenapwii 2)

Px [m]

'
'
'
'
'
'
'
I
'
'
'
'
'

Tpewka [m]

10 L L
3 40

e
®urypa 31. BpemeBu peioBe Ha NO3HLHUATA Px U IPELIKUTE 10 Px NpH 3ary6a Ha GNSS B
uHTepsaja 1040 s 3a EKF u LSTM-KF.

KonnuectBeHoto cpaBHeHue mpu mnbiaHa 3ary6ba Ha GNSS ce wusBbpmBa upe3 KOpeH
cpenHokBaapatuuHarta rpemka (RMSE), n3unciena nootaenHo 3a IecTTe KOMIIOHEHTH Ha BEKTOpa Ha
CBCTOSIHHETO, KaKTO U Ype3 arperupaHa MeTpuka 3a uenus Bekrop (Combined RMS). B Tabnumna 11 ca
npezcTaBeHu pesyaratute 3a 6aszoBus puntep EKF/KF u 3a xubpuguus nogxon LSTM-KF.

Tadauna 11. RMSE na EKF/KF u LSTM-KF npu 3ary6a na GNSS.

Cobcrosinne | RMSE KF-DR | RMSE LSTM-DR
1 26.69 0.209
2 53.09 0.396
3 79.62 0.632
4 3.33 0.136
5 6.67 0.148
6 10.02 0.270

Arperupanata rpemka (Combined RMS) 3a nejiust BeKTOp Ha CbCTOSIHHETO e:
RMSE KF-DR = 40.8783
RMSE LSTM-DR = 0.34478
MeTtpukara e u34uciIeHa ype3 KBaJIpaTHUHO yCpeHsIBaHe HA KOMIOHEHTHUTE RMSE 401

1
Combined RMS = ZZ RMSE?, n =6, (42)

KOETO IIOCTaBs MO-TOJIAMA TEXKECT BbPXY KOMIIOHEHTHUTE C I10-TOJIEMH OTKIOHCHUS.

Croiinoctute B Tabmuua 11 nokasear, ye xudpuanara apxurekrypa (LSTM-KF) nocrura no-
nucku RMSE BBB BcHuku miect cbeTostHus M penynupa Combined RMS chpsimo knacuueckaTa
apxutektypa EKF/KF (40.878 — 0.345). Ilpu npoxabikurenna nurnca Ha GNSS curHan XuOpuaHHUST
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(GUATHP OrpaHMYaBa HAPACTBAHETO HA PELIKATA B CPaBHEHHE ¢ 0a30BHs MOAXO, IPH KOHTO OTCHCTBUETO
Ha BBHIIIHA KOPEKLHsI BOJH JI0 HATPYIIBAaHE HA HHEPLHAIHU TPELIKU U JIpei.

Crnen Bp3cranosiBane Ha GNSS curnana, LSTM-KF ce BppIia kbM HOMUHAJIEH PEXUM B pAMKHUTE
Ha eJIMH—/IBa LIUKbJIa Ha OOHOBsIBaHe, 0€3 U3pa3eHH PEXO/IHN OTKIIOHCHHS B OLICHKATa. 33 CpaBHEHUE, IPH
6azoBust pUATHP ce HaOIrOIaBa MO-ABJIBI IPEXOJCH MEPUOJ 10 CTAOMIIM3HpaHE Ha OLICHKATa, CBbP3aH C
MOBTOPHO YCTAQHOBSIBAHE Ha KOPEKTHO MPETEIISIHE MEXK/1y IIPOTHO3aTa U Bb3CTAHOBEHHUTE U3MEPBAHHSI.

4.4. Cuenapuii 3: CHJIHO HeJIMHeliHa AMHAMUKA.

B cuenapuii 3 ce u3cnenBa IOBEJCHUETO HA MHTEIPUpPAHATAa HABUTAIIMOHHA CHCTEMA IIPU CHIIHO
HENUHEeWHa IMHAMHKA Ha O0EKTa CIIPSAMO ONpPOCTEHHs MOJeN, M3MOI3BaH B CTAaHAAPTHUS GHUATHD Ha
Kamman. ,,Peannara“ nunamuka Ha BJIA ce renepupa ot HenuHeitnus 6ok f dyn B Mogena ins_baseline,
nokato npeauktopsT B EKF n3nonsea nmuneen auckperer moxen fdyn linear step, peanusmpain qBoiiHa
MHTErpanys Ha M3MepeHuTe yckopeHus. Ilo To3M Ha4uH ce Ch3/aBa yMHILICH Mojen-mismatch Mexmy
peanHaTa cHCTeMa M MaTEMAaTHYECKHsA MOJEN B OLEHHTENSA, KOETO € THIMYHA CHTYalus MpH pealHu
0Ee3MUIOTHH IUIAT(GOPMH C CIIOXKHA aepOJHMHAMUKA M HEeHJIealHH ceH30py. HeBpoHHO-NOCHIIEHaTa cXeMa
LSTM-KF usnonssa ceiuust EKF, HO quHaAMHYHUST MOJEN B IPOTHO3HATA CTHIIKA € 3aMEHEH ¢ 00yueH
LSTM-npenukrop (nn_predict_Istm), kolTo ampokcumupa Ipexoma Xpiq = f(xy,U;) Ha 0a3a Ha
IOCIIEJOBATETHOCTH OT HOPMAIU3UPAHHU BEKTOPH [Xy, Uy |. B IpHIIOKEHNETO KbM IUCEPTALIMOHHUS TPYL
Ca OMHCAHHU CKPUNITOBETE C KOMTO € Pealu3upaH eKCIIEPUMEHTa U ¢a FeHEPHPaHU BU3yalHUTE PE3yJITaTH.

CuMynanusTa ce U3IbJIHABA BbPXY CHIIUTE H3MEPBAHUA OT HHEPIMAIHIS MOy U IICEBJOJAHHUTE
oT GNSS, kakTo B mpenxonHute cueHapuu. BpemeBusat xopusoHT e T = 60 s, ¢ nuckperusanus Ty =
0,01 s. KoapHanuunTe Ha mpouecHUs WyM QU Ha U3MEpBATENHUs IIyM R, KaKTO M M3MEpBaTelHaTa
Mmatpuna H, ceBrnagar ¢ koHdurypanusra B 6azosus EKF. Pasnukara € eIMHCTBEHO B JMHAMUYHUS MOJICIL:
npu KF-NL ce usznon3a nuHeliHusat onepatop fdyn linear step, a mpu LSTM-KF-NL — HeBpoHHUST
HPEIUKTOP BHPXY ILTB3Talll IPo30opel ¢ AbbkuHa L = 20 TaxTa.

Ha durypa 32 e npencraBeHa ¢BONIONUATA Ha KOOPAUHATATa Py BbB BPEMETO M CHOTBETHUTE
TpeLIKU Ha JBaTa Gpuirbpa.

Nosuuus px: Peantn aankm, EKF, LSTM-KF (cunHo HenuHeliHa AuHammKa)
3

£
&
g
E |
2
8
(g

®@urypa 32. EBosonust Ha KOOPAUHATATA Px BbB BPEMETO U ChOTBETHHTE IPEIIKH HA ABaTa
¢uarspa.

B ropuus manen ca npeactaBeHu pedepentHata nozunus (Osuta nuHus), oueHkara Ha KF-NL
(uman) u onenkara Ha LSTM-KF-NL (uepBena nunust). [lpu pasriexxaanus cleHapuil TpaeKTopusiTa €
CHJIHO HEeJIMHEeWHa, KOSTO BOJIH 10 MOJICIHO HEChOTBETCTBHE CIIPSIMO H3II0JI3BaHATA JIMHEWHA TUHAMUKA; U
JIBaTa METO/Ia Bh3IPOU3BEKAAT 00IIIaTa TeHCHIMS Ha JBIDKCHUETO, KaTo oneHkara Ha LSTM-KF-NL ce
HabJroaBa jia ocTaBa 1mo-01m30 10 pedepeHtHaTa kpusa. B nonHus nanen Ha ¢urypara ca u3o0paseHu
TpeIIKUTE:

epr (k) = DXk — g meps ™M (k) = B ™ = Do (43)
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Hab6monasa ce, ge npu KF-NL rpemkara HapacTBa BEB BpeMETO M IIPOSBSIBA YCTOHYNBA HEHYJIEBa
kommoHeHTa (bias), mokaro npu LSTM-KF-NL oTkioHeHHsTa OCTaBaT OrPaHUYCHHU B ITO-TECEH HHTEPBAI
OKOJIO HyJaTa, a eMIIMPUYHATA CPEIHA CTOMHOCT Ha rpelkara € 6J1M3Ka J10 HyJa.

Tabmuna 12 mpencraBs kopeH cpenHokBaipartuyHaTta rpemka (RMSE) mo koMmoHeHTH Ha
CBCTOSHMETO IPU CUJIHO HENMHEeHHa AMHAMuKa (Pe3KH MaHEeBpH) 3a 1Ba OLEHSBAIM AJIrOPUTHMA!
crangapren Extended Kalman Filter (EKF) u npennoxen LSTM-ycunen Kanmanos ¢puntsp (LSTM-KF).
B nactosmus pasgen osnauennero RMSE_KF NL cwotBerctBa Ha RMSE na EKF npu cunno
HenuHeltHa quHaMuka, a RMSE_LSTM_NL — na RMSE na LSTM-KF npu cbiuure ycnoBus.
Ta6una 12. RMSE 1o cbeTosIHMS NPH CHJIHO HeJIMHeliHA ANHAMHKA.

State RMSE_KF_NL RMSE_LSTM_NL
1 0.42443 0.19829
2 0.83446 0.36873
3 1.10370 0.57603
4 3.33130 0.13490
) 6.66500 0.14691
6 10.02300 0.26516

Arperupanara rpelika Ha OLeHsBaHE 3a IIECTKOMIOHEHTHHUS BEKTOP Ha CbCTOSIHUETO € CbOTBETHO!
RMSEKF-NL = 51329, RMSELSTM-KF-NL = 0.3207.

Te3u CTOMHOCTH ca MOMy4YeHH Ype3 KBaAPaTUIHO yCpeaHsBaHE HAa KOMIOHEHTHHTE RMSE,, 401
cropen u3pasa (4.2), KOeTo MOCTaBs IO-roisMa TexecT BbpXy RMSE mo xoMmoHeTuTe ¢ 1o-rojaemu
OTKJIOHEHHS.

Cpasrennero Mexay EKF m LSTM-KF He ce orpaHnmyaBa [0 OTHENHM KOMIIOHEHTH Ha
CBCTOSIHHMETO, a ce 0a3upa Ha arperupaHa OLEHKa 3a LEeJIHs BEKTOP Ha ChCTOSHUETO BbPXY LIEJIHs BPEMEBU
WHTEpBaJ Ha CUMyJlanusTa. /[Bara anropuTbMa ca OLEHEHH NPH MICHTUYHHM CHMYJIAIMOHHU CLCHAPUH,
HayaJHU yCIIOBUS, IIyMOBH XapaKTEPHCTHKU U BXOIHHU Bb3/EHCTBH, KOETO OCUIYPsiBa ChIIOCTABUMOCT Ha
pesyararute. [lomydyenure croiiHocTr 3a RMSEp ny 1 RMSE[ g1yv.p.NL TOK23BaT CHIECTBEHO pa3iinyne
B MHTETpajHaTa Ipelika Ha OLCHABaHE MPH CHUIIHO HEJIMHEHHA JUHAMMKa, KaTO OTHOLIEHUETO MEXIY TIX
e npubmmurensHo 5.1329 /0.3207 = 16.

HabnronaBanoto HamassBaHe Ha arperupanus mokaszated npu LSTM-KF e cebp3aHo ¢ HaunHa, 1o
KOHMTO JBaTa IOAXO/a ONWCBAT JUHAMMKaTa B nporHosHara crbnka. [Ipm EKF, koraro m3nomssanusT
HPOLIECEH MOJIEN HE 0TPAa3siBa aIeKBATHO HETMHEHHUTE e(DEKTH IIPH PE3KU MAaHEBPH, Bb3HUKBA CTPYKTYPHO
MOJIETTHO HECHOTBETCTBHE, KOETO BOIM O CHCTEMAaTHYHO M3KPHUBSIBAaHE Ha allpHoOpHATa MporHosa. [Ipu
TaKMBa yCJIOBUSI KOPEKIMOHHATA CTHIIKA (Upe3 MHOBALMATA) MOXKE [a PEAyLHpa 4acT OT Ipelikara, Ho
0CTaBa YyBCTBUTEIIHA KbM Ka4ECTBOTO HA allpHOPHATA OIIEHKA, KOETO MOXKE J]a CE IIPOSIBU KaTO HaTPyIIBaHE
Ha OTKJIOHEHHs BB BPEMETO U MOBHUILIEHA TPEIIKA B LEIUS BEKTOP Ha CbCTOSIHUETO.

IIpu LSTM-KF, npouecHusT MoJenl B INPOTHO3HATa CTBIKA € peallM3upaH upe3 oOydyaema
pexypentHa HeBpoHHa Mpexa (LSTM), kosaro e oOydyeHa na ampokcMMHupa eQeKTHBHATA HEJMHEHHA
3aBUCHMOCT MEKIY MPEAXOAHUTE ChCTOSHHMA U BXOJHHUTE BB3ICHCTBUS B pasIekKIaHUS PEXKHUM Ha
IBIDKeHHe. ToBa BOAM N0 IIO-TOYHA amnpHOpHAa MPOrHO3a M MO3BOJSABA KOPEKIMOHHHUAT €Tal Ha
KanmanoBara ¢unrpanus 1a paboTH MpH MO-MaJIKM OCTaThbYHU HECHOTBETCTBHSI, BMECTO J1a KOMIIEHCHPA
rpyon MopenHHu rpemku. B pesynTar rpemkara ocraBa I0-OrpaHHYEHa BbB BPEMETO M arperHpaHUsT
nokazate’ (Combined RMS) e chbliecTBeHO Mo-HUCHK.

Io-uuckara o6ma RMSE npu LSTM-KF-NL ce unTepnpernpa KaTo MHAUKATOP 3a 10-100po
CHOTBETCTBHE MEX/y M3MOI3BaHUs JUHAMUYEH MOJIE] M peajlHaTa HeJIMHEeiHA TMHAMUKa B Pa3TIIekKIaHUs
€KCIIEPUMEHT, KOETO BOAU JI0 IO-CTAOMJIHO OLEHSABAHE NPH PE3KU MAHEBPH M HAJMYME HA MOJEIHO
HECHOTBETCTBUE.

AHanu3bT BB BpeMeBaTa 001acT (HaIp. 10 TPaeKTOPHH M IPEIIKH BbB BPEMETO) € B ChOTBETCTBUE
¢ konuuecTBeHuTe pesynrtatu: npu EKF ¢ mpomecen mozpen, KOWTO He ONKMCBAa JOCTaThYHO TOYHO
HEJIMHEHHUS PEeXHM, ce HaOJIro/aBa TEHICHIMS KbM Apei( M HapacTBalll IBITOCPOYHH OTKJIOHEHUS,
nokato ipu LSTM-KF rpemkure octaBar orpaHH4YeHH U 0€3 SCHO M3pa3eHa CUCTEMAaTHYHAa KOMIIOHEHTA.
ToBa moaxpens Xunore3aTa Ha M3CJIEIBAHETO, Y€ MPU MHTErpHpaHa HABUTAllMOHHA CHCTEMa U CHIIHO
HEJIMHEHHM PEXHMH, HEBPOHHO IIOJNOMOTHAaTOTO MOJENHMpaHe Ha MpOLECHATa IWHAMHUKAa MOXeE Ja
noZ00py TOYHOCTTa M YCTOMYHMBOCTTa Ha PEKYPCHBHOTO olleHsiBaHe cmpsiMmo craHmapten EKF ¢
AQHAJTUTHYCH IPOLECEH MOEI.
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4.5. Cuenapuii 4: Bucok myMm / HECHTYPHOCT HAa H3MEPBaHHUSATA.

B ueTBBpTHS €KCIEpUMEHTAJICH CLICHApHil ce OlECHsABAa MOBEACHHETO Ha craHaapTHus Extended
Kalman Filter (EKF) u npeanoxenus HeBporHo-noacuieH ¢untep LSTM-KF npu nosumen mym u
HECUTYPHOCT Ha u3MepBaHusATa. llenta e 1a ce aHanmu3umpa yCTOWYMBOCTTA Ha [(BaTa ajlrOPHTbMa IpU
Jerpaupano KauecTBO Ha CEH30PHUTE JaHHU, KOETO € TUIIMYHO 32 PEasIHU YCJIOBHS KATO MOBHIIEH IIYM B
GNSS u IMU kananure, el1eKTpOMarHiTHA CMYLICHHS W/UJIM BUOpaluy Ha miatdopmara.

CuMyJsaloHHaTa IIOCTAaHOBKA H3IOJI3BA CBUIMS MOAEN ins_baseline ¥ WISHTHYHH BXOIHH
BB3/CHCTBUS (YIIpaBlIeHHE U IIPO(UIT HA IBIKEHHUE), KATO Pa3JIUKaTa CIPSIMO MPEIXOAHUTE CIICHAPHH € B
napaMeTpuTe Ha IIyMOBUTE KoBapualuu. KoBapuauusara Ha MpoLecHHs yM @ € yBelndeHa IMeTKpaTHo,
KOBapualHsiTa Ha M3MEpBATEIHHs IIyM R - JIECETOKpaTHO, a HayajlHaTa KOBapHalls Ha rpemkara Py -
HETAECETKPATHO, C L1eJI MOJICNIMPAHE Ha [0-TOJISIMa HEOTIPEICNICHOCT B HAYaIHUTE YCIoBHs. [10 To31 HauuH
J[BaTa OLICHUTEIIS CE IIOCTABSAT B PEXKUM Ha BUCOKA HEOIPEIENICHOCT KaKTO 110 OTHOIICHNE Ha AMHAMUKATA,
Taka U 10 OTHOLICHHE HA M3MEPBAHMATA. B NPUIOKEHUETO KbM IUCEPTALMOHHUS TPYZA ca MPUBEACHU
M3IIOI3BAHUTE CKPHIITOBE 32 CKCIICPHMEHTA M BU3YyalIU3alluiTe HA Pe3yJITaTUTE.

EKF 3amaspa cTaHapTHata M CTPYKTYpa C aHAIMTHUEH JIMHAMUYEH MOJAEN fgyn U JIMHEEH
usmepBarened monen ¢ marpuna H = [I3 03x3], kato LSTM-KF wu3mossBa Chbluus ajropuTbm Ha
PEKYpCHBHO OOHOBSIBaHE, HO PeaI3upa IIPOrHO3HATA CTHIIKA Ype3 00y4eHa peKypEHTHA HEBPOHHA MpexXa
(LSTM), umruiemenTtupana upe3 ¢yHkuusta nn_predict Istm. Jlata ¢untbpa paboTiAT Npu eIHAKBU
HaYyaJHH YCIIOBHS M U3MOI3BAT HICHTUYHH I1yMoBH napametpu (Q, R, Py) B paMKuTe Ha CLICHApHsI.

Ha ®urypa 33 e mokazaHa eBOJNIOLMATA Ha KOOpAMHATATA P, BBB BPEMETO 3a JABara (unrbpa u
pedepeHTHaTa TpaeKTOpUSI.

Mosuuns p,: Poanna, EKF u LSTM-KF npu sucok wym

Pe [m]

Tpewka no p, Npu Bucok wym (3arnywasane)

pewka (m]
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®urypa 33. 3aBHCMMOCT Ha KOOPAHHATATA Px BbB BPeMeTO P BHCOK IIYM NpH ABaTa Gpuiarbpa u
pedepeHTHATA TPaeKTOpHS.

B ropuust manen ce HabironmaBa, ue mpH moBuineH mym oneHkara Ha EKF (umanoBa nuHwus)
MpOsIBSIBA MO-TOJNEMU (MIyKTyalldd OKOJIO pedepeHTHaTa CToiHOCT, nokato ouenkata Ha LSTM-KF
(uepBeHa JMHMS) OocTaBa MO-01n30 A0 pedepeHTHara TpaekTopus (Osuia nuHus). B momHus manen ca
TIOKa3aH! T'PEIIKUTE Ha OLIEHKHUTE crpsiMo pedepeHTHata croiiHocT, kato npu EKF ce Habmonaa mo-
rojsiMa BapuabMITHOCT Ha rpemikara, 1okato npu LSTM-KF oTkiioHeHnsTa ocTaBaT o-orpaHHYeHH OKOJIO
HyJaTa.

Tabmuua 13 mpencraBsi KOJNUYECTBEHHUTE DPE3yJTaTH 3a KOPEH CPEIHOKBAJpaTHYHATA TPELIKa
(RMSE) mo KOMIIOHEHTHTE Ha BEKTOpPAa HAa CBHCTOSHHETO (TIO3MIMOHHM KOMIIOHEHTH - States 1-3 u
CKOPOCTHH KOMITOHEHTH - States 4-6).

Tabauua 13. RMSE 1o cbcTOsIHNS IPH BHCOK IIYM B H3MEPBAHUATA.

State RMSE_KF_HN RMSE_LSTM_HN
1 0.55893 0.19904
2 1.1077 0.37673
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3 1.4398 0.58926
4 3.3313 0.13481
S 6.6650 0.14670
6 10.023 0.26482

RMSEKF-HN = 51575, RMSELSTM-KF-HN = 0.3262

Arperupanara OIEHKa Ha TOYHOCTTA 3a LEJHS IIECTKOMIOHEHTEH BEKTOP Ha CBHCTOSHUETO €
H34YHCICHa 4Ype3 KBaapatmyHo ycpexusBaHe (Combined RMS) Ha xommonentHure RMSE (4.2).
M3non3BaHeTo Ha KBaJpaTHYHO YCpPeIHSBaHE (BMECTO apUTMETHYHO YCPEIHSBAaHE) aKIEHTHpAa BbPXY
KOMIIOHEHTHTE C MO-TOJIEMH OTKJIOHEHHMs M II03BOJISIBA I10-3JICKBaTHA OLIEHKA HA IOBEASHUETO IIPU
CLIEHapUM C BUCOK IIIYM.

Croiinoctute B Tabnuia 13 mokaspart, ye mpu 3HauntenHo yBenudeH mym EKF nemonctpupa
CBILECTBEHO BJOIIABAHE HAa TOYHOCTTA 110 CKOPOCTHUTE KOMIIOHEHTH, KaTO MaKCHMallHaTa CTOWHOCT
noctura RMSE=10.023 m/s (State 6). 3a cpaBuenune, LSTM-KF orpanndaBa cKOPOCTHUTE TPELIKU IO
0.3 m/s 3a States 4-6 (0.13481 - 0.26482 m/s) 1 moaABpKa MO3ULUOHHUTE TPEIIKKA B CYyOMETPOB Tana3oH
3a States 1-3 (0.19904-0.58926 m).

CrnpsiMo arperdpanusi moxasaren 3a 1eius BekTop Ha cbetosinuero, EKF noctura RMSE = 5.16,
nokato LSTM-KF nmocrura RMSE = 0.33, koeTo cboTBeTCTBa Ha mpuomu3uTenHo 5.1575 / 0.3262 = 16-
KpaTHO HaMalsiBaHe Ha arperupanara rpemika (Combined RMS) B yciioBust Ha aerpaaipaHo Ka4ecTBO Ha
H3MEPBAHUATA.

ITonyyenure pe3ynraTu ca B CbOTBETCTBHE ¢ XHOpHUAHATA aPXUTEKTYpa, MPH KOSATO NPOTHO3HATA
CTBIIKA CE IOANOMAara ot obydaeM Mojel, IpHOIIbKaBall eeKTUBHATA JUHAMUKA B ITyMHa cpena. [To-
TOYHATA aNpUOpHA INPOTHO3a HAMaJIsiBa YYBCTBUTEJIHOCTTA HAa PEKypCHUBHATa OLEHKA KbM LIyMHH
HU3MEpBaHUs B KOPEKLHOHHATA CThIKA M BOAU JO IO-HUCKA 00lla Tpellka HpU BHUCOKH HHBA Ha
Hecuryproct B GNSS/IMU kananure.

Cuenapuii 4 noTBbpxK/aBa, 4e B pasriaexanara nocranopka LSTM-KF nemoncTpupa mo-Bucoka
YCTOHYMBOCT KBbM IIYM M HEONpPEAENCHOCT Ha M3MepBaHusATa cnpsivo cranpaptHus EKF, xakro mo
komnoHenTHUTe RMSE, Taka u mo arperupanus nokasaresn 3a Leisl BEKTOp Ha ChbCTOSIHUETO.

4.6. KosimyecTBeH aHaIn3
Llenra Ha aHanM3a € J1a ce U3BBPILM CTATUCTUUYECKA U cpaBHHUTeNHA onjeHka Ha EKF u LSTM-KF
[0 4eTHpU MeTpuKu: (i) arperupaHa KOpeH CpeIHOKBaJApaTHYHA IPElIKa 3a BEKTOpPAa Ha CHCTOSHHETO
(Combined RMS), (ii) RMSE 3a ckopocTHHTE KOMIIOHEHTH, H (i) CKOPOCT Ha KOHBEPreHIMA. MeTpuKkuTe
3a OpHEHTAlMs He ca BKJIIOUEHH B HACTOSINATa IOCTAHOBKA IOpaJW JIUIICAa HAa OPUEHTALMOHHHU
CBCTOSIHHS/M3MEPBAHUS B MOJICIIA. .

4.6.1. Azpezupana zpewika 3a éekmopa na cvcmoanuemo (Combined RMS)

IIbpBusT eTam ot aHanu3a obo6OuaBa arperupanus nokasaren Combined RMS 3a nenust Bektop
Ha CBCTOSHMETO TP BCUYKM creHapuu (Tabn. 14). Merpukara ce H3YMCIsIBA 4Ype3 KBaJpaTHIHO
ycpeansBane Ha komroHeHTHHTe RMSE (4.2). To3u nokasaten akleHTHpa BbPXY KOMIOHEHTHTE C I10-
TOJIEMH OTKJIIOHEHHS M PEI0CTaBs HHTETPAIHA OLICHKA Ha TOYHOCTTA BBB BPEMETO.

IIpomsinara Ha LSTM-KF cnpssmo EKF ce u3uncnsBa ¢ u3paza:

COmbinedRMS(EKF)
I[x]

= COmbinedRMS(LSTM_KF) '
Tab6smua 14. Ycpennenn RMSE 3a no3unys 1no cueHapum.

(44)

Crenapnii Combined RMS Combined RMS arperfl);:::\l:\“;fe“maka o
(EKF) (LSTM-KF) na LSTM-KF cnpsivo EKF

1. Hopmanuu ycnosus 0.09 0.32 0.28

2. 3ary6a na GNSS (DR) 40.88 0.35 116.80

3. CuiHO HenMHelHa 513 032 16.03

JIMHAMUKA

4. Bucok mrym 5.16 0.33 15.64
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3a cueHapuil 1 CTOMHOCTTa € MOJIOXKUTENHA B CMUCHI Ha yBeJIHYeHHe Ha rpemkara npu LSTM-
KF (Bnomapane), 1okaTo 3a cueHapuu 2—4 CTOIHOCTTa Mpe/CTaBIIsIBa PeIYKIUS Ha IpeliKara.

Jlanuute mokassat, uye npu HomuHanHu ycnoBus (Cuenapuii 1) EKF noctura mo-uucka Combined
RMS cnpsmo LSTM-KF (0.09 cpemry 0.32). ToBa e cpBMecTuMO ¢ (hakTa, 4e IpH JoOpe ommcaHa
JMHAMUKA M OJNM3KH 10 TayCOBM IIyMOBE KJIACHYECKUTEe (GMITPHM ca KOHKYPEHTHH, a J00aBSHETO Ha
o0yuaeM MoJiell He € He0OOXOAUMO YCIIoBHE 3a mogoopenue. IIpu kputnuHuTe ceHapuu obaye (3aryba Ha
GNSS, cunna vHenuneinoct U BUcoK myM) LSTM-KF noctura no-ancka Combined RMS cupsivo EKF,
Kato mpu 3ary6a Ha GNSS ce HabirogaBa Hail-romsam edekr (40.88 — 0.35; =~ 116.8).

4.6.2. I'pewika no ckopocmuume KOMROHEHMU

IIpu BTOpPHAT eTam OT MpPOBEAEHUs eKcliepuMeHT ce aHaaumsupa RMSE mo ckopocthute
KOMIIOHEHTH Vi, Vy, V,. B mposenennte excnepumentn npu EKF ce nabmonasa mosumena rpemika B
CIICHApHH C HEJHHEHHa TUHAMHUKA U IIyMOBH CMYILEHHUs, KaTo npu HeOnaronpusitiu ycnous RMSE no
ckopocT gocrura mnopsixbka 5—10 m/s. 3a cpaBHenue, npu LSTM-KF ckopocTHUTE rpeliku ocTaBaT
3HAYUTEIHO NO-HUCKH (THUnH4HO oA 0.3 m/s B Hail-TEXKKHUTE CICHAPUH), KOETO € B CHOTBETCTBHE C T10-
TOYHA allpHOpHA IIPOTHO3a B MPOTHO3HATA CTHIIKA U MT0-HUCKA YYBCTBUTEIHOCT KbM LITYMHHU H3MEPBaHUSI.

Arperupanara CKOPOCTHA I'PEIlIKa MOKe 1a ce Ae(hHHIpa KaTo:

6
1
Combined RMS, = 52 RMSE?, (45)
&

kbjeTo Combined RMS,, ca RMSE 110 KOMIIOHEHTHTE Vy, Vy, V.

4.7. CpaBHeHHe ¢ MOJeJIH OT JINTepaTypara.

Ipemtoxenara B Hactosimust Tpya apxurekrypa LSTM-KF ce BnmcBa B chbBpeMeHHATA JIMHUS HA
XHOpU/IHHU state-space OLEHHMTEH, IPY KOMTO ce 3ama3Ba peKkypcuBHara predict-update cTpykrypa Ha
KanmanoBara ¢untpaiys, a 4acT OT MoJieNia ce JA0IbIBa/mapaMeTpu3upa upe3 ooyuaemu QyHKIHH (HArp.
HEBPOHHU Mpexy). [Tono6HN NoIXoau ce pasriexaaT KakTo B paMkuTe Ha model-based deep learning 3a
OLICHABAaHE Ha CBCTOSHHUETO, TaKa M B PaMKHTE Ha neural state-space MOJeNH, KbIETO JUHAMUKATA fy ce
yun ot aanuu (Krishnan, R. G., Shalit, U., & Sontag, D., 2015); (Revach, G., Shlezinger, N., Ni, X.,
Escoriza, A. L., van Sloun, R. J. G., & Eldar, Y. C., 2022)

4.7.3. LSTM npu GNSS-omnadane u cuucnenue (dead reckoning): npaxo penesanmuu

pesyaimamu.

Haii-npsiko peneBanTHH KbM cueHapun ¢ GNSS-nerpananus ca my6iaukauuy, B kouro LSTM ce
M3M0JI3Ba 32 MOJABbPKAHE HA HABUTAMOHHOTO pemieHue mo Bpeme Ha GNSS-npexbcBane, T.e. 3a
OrpaHMYaBaHE Ha IpelIKaTa IPU pexuM Ha ,.cuncienue”. Fang et al. (2020) npemnarar LSTM-6a3upan
nmoaxoxa 3a reHepupane Ha nceBgqo GNSS mo3unmoHHU MHKpeMeHTH Hpu otmazaHe Ha GNSS, xouto
noanomarat INS/KF kopekuusta (Fang, W., Jiang, J., Lu, S., Gong, Y., Tao, Y., Tang, Y., Yan, P., Luo,
H., & Liu, J., 2020).

Tasu nuHKS € ChBMECTUMA C HHTEPIIPETAlUsATA Ha Pe3yITaTUTE OT IJiaBa 4: npyu HeOIaronpusITHH
pexumu (GNSS-oTnasane, BUCOKa IIyMOBa JETPajalys, CUIIHA HEMHEHHOCT) 00y4aeMUsIT KOMIIOHCHT
MOXK€ J1a HaMaJld 4yBCTBHUTENHOCTTa KbM model mismatch u na orpanuyu akymyJHpaHETO Ha TpeliKa.
BaxHxo yrouneHue (M1 METOIMYHO KOPEKTHO 3aKJFOYCHHUE) €, Ue IIPH HOMUHAIHH yCIOBHS U 100pe ONHcaH
mozen, kinacuueckusaT EKF Moxe na ocrtaHe KOHKYPEHTEH CHPSMO XHOPHIHHUTE MOJEIH, KOETO €
HaboaBano 1 B Hammre excriepuMenTr (Cuenapuit 1) (Revach, G., Shlezinger, N., Ni, X., Escoriza, A.
L., van Sloun, R. J. G., & Eldar, Y. C., 2022); (Fang, W., Jiang, J., Lu, S., Gong, Y., Tao, Y., Tang, Y.,
Yan, P., Luo, H., & Liu, J., 2020).

4.7.4. Oboowenue.

B 0606menne, LSTM-KF moxe 1a Obae MO3MIMOHMPAH KaTo XUOpHIEH state-space OIICHHTEII,
KOUTO € MeTomoJIornuHo chrocraBuM c (i) model-based deep learning moxxonu 3a ¢mrrparus (Hamp.
KalmanNet) u (ii) neural state-space momenu (Hanp. Deep Kalman Filters), xakro u ¢ (iii) LSTM-
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noanomorHatd INS/GNSS meroau npu GNSS-ornaganus (Revach, G., Shlezinger, N., Ni, X., Lopez
Escoriza, A., van Sloun, R. J. G., & Eldar, Y. C., 2022); (Krishnan, R. G., Shalit, U., & Sontag, D., 2015);
(Fang, W., Jiang, J., Lu, S., Gong, Y., Tao, Y., Tang, Y., Yan, P., Luo, H., & Liu, J., 2020).

C orsen Ha COOCTBEHUTE Pe3yNTATH OT IiaBa 4, KOpeKTHaTa HHTeprpeTaus e cnequara: LSTM-
KF noka3a npenumctBo cipsimo 6a3oB EKF B HeGnaronpusitamn pe:xxumu (GNSS-npexkbcBaHe/BUCOK
LIyM/CHJIHA HEIMHEWHOCT), JOKato mpu HomMuHajdeH pe:xkum EKF Moxe na aeMOHCTpupa Mo-HHUCKa
arperupasa rpeiika. CiieIoBaTeIHO IPHHOCHT ClIe/iBa Aa ce GOpMyHpa KaTo MOBHUILEHA YCTOHYUBOCT ITPU
JIerpajiipaHy yCIOBHUs, a HE KaTO YHUBEPCATHO MIPEBB3XOICTBO IIPU BCHYKH CLICHAPHH.

4.8. U3BOJU OT I'/TABA 4.

1. Pesynrature OoT MpOBEICHHUTE CUMYJIALMOHHU EKCIIEPUMEHTH COYaT, 4e B HEONarompHATHH
pexumu Ha pabora (3ary6ba Ha GNSS/pexum dead reckoning, mosmmer IMU mrym,
HeCTallMOHApHA M CHJIHO HENWHEeWHa AWHamMuKa W Obp3u auHamuuHu npomenn) LSTM-KF
MOCTHUTra MO-HUCKH CTOMHOCTH Ha arperupanus nokaszaten Combined RMS u na RMSE 3a
NO3UIMs H ckopocT cripsimMo 0a3oBust EKF, kaTo eJHOBpEeMEHHO 10CTHIa 3a1aIeHHs KpUTEpUi
3a YCTAaHOBSIBAHE Ha IPEIIKaTa 3a I10-KpPaTKO BpeMe M JAEMOHCTPUpA YCTOHYMBO IOBELEHUE;
pu HOMHUHaJEH pexuM (Hopmanuu ycioBus) EKF mocrtura mo-Hucka arpermpaHa rpeiika
cnpsamo LSTM-KF, koeTo e cbriacyBaHo ¢ NIpeACTaBEHUTE PE3YJITATH 110 CLIEHAPUH.

2. AHanu3bT Ha WHOBAIIMOHHUTE IIOCJCIAOBATEIIHOCTH IIOKa3Ba HaMaliecHa CHCTeMaTH4YHa
KOMITOHEHTA Ha OCTaThIUTE U ChIIIACYBaHE MEXK/AY [IPOTHO3a M H3MEPBaHHMs 110 U3MOI3BAHUTE
MoKa3aTesl, KOeTO € MHAMKATOp 3a IM0-aJIeKBaTHO IMpOLEecHO MonenupaHe uype3 LSTM B
pasriiesaHara OCTaHOBKA.

3. Ilpu npoxbmxurenHu pexumu Ha cumcineHue (dead reckoning) LSTM-KF orpanuuasa
HaTpynBaHeTo Ha rpemikara cupsiMmo EKF no arperupanus nokazaren Combined RMS u no
komnoHeHTHUTe RMSE B pamkute Ha pasriiejaHus eKCIIEPUMEHT.

4. B paMkuTe Ha W3MON3BAaHMTE KPUTEPHUHM 3a OLEHKa ce HaOJoaBa ITOBHIABaHE HA
YCTOWYMBOCTTA Ha HABHTallMOHHATA OLEHKa npH jAerpagupamu  ycnoBus (GNSS
3aryOH/NOBHUILICH LIIyM), KOETO MOTBBPXK/aBa U3CIIEA0BATENICKATA XUIIOTE3a 32 M0JI€3HOCTTA Ha
LSTM-noanomorsat npouecex Mojen B KanrmaHnoBa cTpyKTypa.

5. TlpemnoxeHaTa apXUTEKTypa IIPEACTaBIsIBa OCHOBA 3a IOCIIe/(BALla HMHTETPALUsl U BaIU 1AL
B peajHu ycioBusl, BKitountenHo Hardware-in-the-loop (HIL) u moneBu TectoBe, KakTo U
pa3paboTBaHe Ha I10-CJI0KHU CLEHAPHUH U CEH30PHH KOH(UTypaIuy.

IV.3AK/IIOYEHHUE.

HacrosiumsT aucepranyoHeH TPy M3CieBa Bb3MOXKHOCTTA 32 KOHCTPYHpaHe Ha MHTErpupaHa
HaBHTALMOHHA cUcTeMa 3a Oe3mmioTHH setatentu anapatu (BJIA), mpu KosTO IPOLECHHUST (PEXOJHUSAT)
Mozeln B pamkara Ha KanmanoBara duitpanus ce napamerpusupa upe3 odydaeMa peKypeHTHa HeBPOHHA
mpexa ot tun LSTM. UM3cnensanero o0XBaHa JUTEpaTypeH aHali3, pa3paboTBaHe Ha CHMYJAMOHEH
mozen B MATLAB/Simulink, peanuzaims Ha xubpuana apxutekrypa LSTM-KF u mpoBexaane Ha
SKCIIEPUMEHTAIHA CHUMYJIAMOHHH CLEHAPUH C PasIMYHU IIYMOBH MPOQWUIIH, CMYIICHUS U PESKUMHU Ha
YacTHUYHA WM IpeKkbeBaia qoctbnHocT Ha GNSS u3mepBanusita. Pesynrature B pasriefaHuTe ycIoBHs
MOKa3BaT, Y€ MOAXOJbT € TEXHOJOIHYHO OCBHIIECTBUM U MOXKE [[a MPEJOCTABU M3MEPHMH MOA00pEHHS
capsimo 6a3oBusi EKF npu HeOnaronpusiTHE pexMMH Ha paboTa, XapaKTepU3Upallly ce ¢ HeCTAllHOHAPHU
LIyMOBE U JACTPaJupaHd U3MEPBaHUSL.

O00011IeHHTE pe3yITaTH OT eKCIIEPUMEHTHTE TTOKa3BaT, 4e pa3paboTeHaTa XHOpUIHA apXUTEKTypa
C U3I0JI3BaHE HA HEBPOHHA MpPEXa MOCTUra MO-HUCKH CTOWHOCTH Ha M3IOJI3BAHUTE METPUKH 32 OTYUTAHE
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Ha TPELIKUTE TPU OLCHSIBAHE Ha IO3MIMSA M CKOPOCT IPH AErpaaupamid wid npekbeBamu GNSS
HaOoIeHus U P pesxuM Ha curcienue (dead reckoning), moctura mo-6sp30 (¢dur. 31) ycTaHOBeH pexum
10 U30paHusl KPUTEPHIA 1 IEMOHCTPHpPA YCTOHYMBO NoBeieHre py nosuieH IMU miym 1 HecTaoHapHa
JMHAMHKa CIPSIMO Kiacuyeckara apXurTekrypa. ChIEeBPEeMEHHO, NPU HOMUHAICH PEXUM (HOPMAITHU
ycnoBust Ha u3mepBanust) 6asoBust EKF nocrura no-nucka arperupana rpeiuka (ta6i. 14) cnpsmo LSTM-
KF, xoeTo moTBbpiKiaBa CLEHapHi-3aBHCHM XapakTep Ha HaOJroJaBaHUTE NMpeAMMCTBA. HeBpOHHHMSAT
KOMIIOHEHT IIOJIIOMara MHpOLECHOTO MOJENHpaHe 4Ype3 anpoKCUMAalUs HA HEJIUHEHHH U PEKMMHO-
3aBHCHUMH 3aBHCHMOCTH, KOUTO Ca TPY/HO OIMHUCYEMH C PBYHO 3a[aJCHH aHATUTHIHU MOJISIIH TIPU PeaTHU
orpannuenus. ToBa ce MposiBsiBa KaTo MOJ0OPEHO MOBEACHHE Ha OleHsBaHETO B cueHapun ¢ GNSS
Jerpajanys, MOBUILICH IIIyM M CHJIHO HeJIMHEeHa TMHAMUKA.

XuOpUAHUAT HABUTALMOHEH MOJEIN, TPH KOWTO pekypeHTHa HeBpoHHa Mmpexka (RNN) ot tun
LSTM (Long Short-Term Memory) He H3IbIHABA SAUHCTBEHO KOpUrHpamia QyHKIHS, a y4acTBa KaTo
KJIIOYOB €JIEMEHT B MpPOLECHHUS Mojen Ha ¢(uiaTbpa upe3 OOyueHHE BBbPXY CCH30pPHH JaHHH H
CHMYJIALIMOHHU TPACKTOPUH. [Ipe/IioxKeHHsIT MOAX0/] ChueTaBa CTPYKTYPUPAHHUSI MEXaHH3bM 32 OLICHSIBaHE
U MHTErpupaHe Ha u3MepBaHusATa B KanmaHoBaTa pamka ¢ MOJEIMpaHe Ha JUHAMMKaTa, 0asupaHo Ha
JaHHU, 4pe3 ABIOOKa pPEeKypeHTHa apXurekrypa. [locTHrHATUTE pe3ynTaTd IOKa3BaT MOTCHIMAN 3a
M3M0JI3BaHe Ha 00ydaeMH MPOLECHH MOJEIU IpU OLCHSIBAaHE HAa CHCTOSHHUETO B PEANHO BpeMe, IpU
YCJIOBHE Ha MOCJIEBAIIO NPOGHINpaHe, ONTUMHU3ALMS U BIUAALHUS BbPXY LIEJIEBH Xapayep.

Ha 6a3aTa Ha W3BBPIICHUS aHAJIW3 M IMPOBEICHUTE CSKCIEPUMEHTH MOrar aa ce (opmysupar
CIIEIHUTE HACOKH 3a Objeiiy u3cnenBanus: (1) BKIOYBaHE Ha 00y4YaeMH KOMIIOHEHTH B PEKHMH C
BapHpaIly OIYMOBH XapaKTePUCTUKM W HENBJIHM 3HAHHS 3a JUHAMUKATa MPU OCHIYpeH KOHTPOJ Ha
0000111aBaHeTO U OLICHKA/KaHOpUpaHe Ha HEONpeeeHOCTTa; (i1) CHCTEeMaTHYHO CpaBHEHHE Ha PA3IHYHU
pexypentHu ctpyktypd (LSTM u GRU), kakTo ¥ Ha aJTepHATUBHU HEBPOHHH MOJIEIH B IPOCTPAHCTBOTO
Ha cberosiHuATa, BKIrounTenHo Neural ODE / Neural SDE (HeBpoHHM audepeHIHanHu / cCTOXaCTHYHU
nuepeHInaIHN MOJISNH), 110 MOKa3aTeln 3a TOYHOCT, YCTOMYMBOCT M M3YMCIHUTENHA CIOXHOCT; (iii)
pasiipsiBaHe KbM MYJITHMO/IAJTHA HHTETPaIMs Ha CeH30pHH qaHHu (Bu3yanHu, LIDAR u Ultra-Wideband
— UWB), ¢ men orpaHuyaBaHe Ha TPEIIKHTE MPU MPOIBIDKUTEIHM PEKUMH Ha CUHCICHHE M MPH
nerpanupany GNSS ycnoBusi.

BB3MOXKHOCTUTE 32 pa3BUTHE BKIIOYBAT O0YUCHHE M BAJIHAALUS BbPXY PEalHHU IOJCTHH JAHHH,
J00aBsiHE HA MEXaHM3MH 32 OHJIAIH aJanTalys U U3IUTBAHE B [0-PCATHCTHYHA SKCIICPUMEHTAIIHA Cpesa
(uanp. hardware-in-the-loop — HIL u moneBu TectoBe). JlOMBbJIHUTENHO, MHTErpalMsiTa ¢ METOIM Ha
oOyueHHe ¢ yTBbpKAaBaHE MOXe Ja ObJe pasriiefaHa B KOHTEKCTa Ha ChBMECTHO ONTHMHU3HMpaHE Ha
HaBUraLys 1 yIpaBlIeHUe, Taka 4e Ja Ce IIOCTUTHE aJanTalus Ha KOHTPOJIHATA ITOJIUTHKA TIPU MPOMEHSIIIN
Ce YCIIOBHSI Ha cpeJliata U JMHAMHKaTa.

IIpunoxumMocTTa Ha NPEVIOKEHUsT MOAXOJ € MOTEHLHANHO LIMPOKAa M BKJIIOYBA ABTOHOMHA
Hapurauust Ha BJIA, poOOTH3MpaHH CHCTEMH U ABTOHOMHH IIaT(GOPMH, TPH KOHTO HAISKIHOTO
OLICHSIBAHE Ha CBCTOSHUETO € KPUTH4YHO. Pazpaborenara apxurekrypa Moxe jAa Obae ajanTHpaHa 3a
BHE/IPSIBaHE [IPH OrPaHUYCHU U3UHCIUTEIIHNA PECYPCH P YCIIOBHE Ha MPO(UIIMpaHE U ONTHMH3ALMS, Thil
kaTo LSTM KOMMOHEHTBHT JOIMyCKa KOMIIAKTHA peajau3auusi, a (uiTpalMoHHAaTa pamKa MOJIABpPKa
edexTuBHa OHIaliH o0paborka. IlomydeHnTe pe3ynTaTH MOIKPENST W3BOJAA, Y€ KOMOMHHMPAHETO Ha
QHAIUTUYHO MOJICIMPaHEe M HEBPOHHM apPXUTEKTYPH € MEepCIEeKTHBHA IOCOKA 3a Ch3AaBaHE Ha II0-
HaJeKIHU U aJJalTHBHU HaBUTALMOHHU cucTeMH 3a BJIA, ocoOeHo npH HEIMHEHHOCTH, HeCTAlHOHAPHU
LIYMOBH PEXUMH U JeTPaAupaHd HAOIOICHHS.

OBl U3BOJU OT JUCEPTALITMOHHUSA TPY ]|

1. AHanM3bT HAa HABUTALIMOHHUTE MOAXOM [10KA3Ba, Y€ pelIeHUs, 0a3MpaHy Ha AUHUYEH CEH30pEH
KaHaJl, IPOSIBSIBAT CTPYKTYPHH OIPaHMYEHHMS NP AETPajUpaHd WM NPEKbCBALIM HAOMIOACHUS, TIOpaIn
KOETO HWHTETPUPAaHUTE ApXUTEKTypH 3a KOMOMHMpaHE HAa HMHEPLUWATHH W BBHIIHM H3MEPBaHHA ca
METO/I0JIOTHYHO 000CHOBAH N300p 32 yCTOHYMBOCT B IIUPOK JUAIA30H OT PEXKUMU Ha MOJIET.

2. Ilpu uHepuMANHO CUHMCIEHHE JOMUHHUpal (akTop 3a KOpeKTHara paboTa Ha Mojena ca
xapaktepuctukure Ha IMU — 4yBCTBUTEITHOCT CHPSAMO CHCTEMAaTWYHH OTKJIOHEHMs, TeMIepaTypHa
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HECTAOWIIHOCT, CTOXaCTHYHM KOMIIOHEHTH, KOUTO BOJAT [0 HATPyNBaHE HAa HABUTAI[OHHA IPEIIKa IIPH
JIMIICA Ha BHHIIHU KOPEKLUH U IPEATIoNaraT U3MoI3BaHeTo Ha KOPEKIMOHHY KaHaIM U alalTHBHU MOJICIIH.

3. [TapameTpu3upaHeTo Ha MPOLECHHUS MOJEIN B IIPOrHO3HATa cThika Ha KammaHnoBara cxema upe3
o0y4aeM NMPEeaUKTOp € KOHIENTYaIHO 000CHOBAaHO M MHXXEHEPHO peann3upyemo - LSTM-6a3upan monen
MO’Ke J]a M3ITBJIHSBA POJIATA HA MTPOIIECeH OJIOK MPH 3ama3BaHe Ha peKypcuBHATa cTpykTypa predict—update
M KOPEKLMOHHATA CTBIIKA Ha (GUITHpA.

4. CUMyJIallMOHHUAT MOZEN II0Ka3Ba, Y€ KOPEKTHATa HMHTErpalus Ha HEBPOHHATa Mpexa B
aTlpriopHaTa IPOTHO3a € KPUTHYHA 33 KOPEKTHOCTTa HAa pPEe3yJTAaTHTE W 32 CPaBHUTEIHHS aHAIW3 Ha
CTaHJApTHHSI aHAJMTUYEH U npeanoxenus agantuBeH LSTM mnpoueceH Mozen Npu UASHTUYHU BXOJHU
YCIIOBUSL.

5. Pesynratute ot cpaBHutenHata ouenka mexny EKF u xubpuanara xondurypanus LSTM—KF
(KanmaHoBa cxema, B KOSTO ITPOIECHHAT MOJENT B IPOTHO3HATa CTBIKAa ce peanmsupa or LSTM
NPEMKTOP) XapaKTepH3UPaT ClIeHapHi-3aBUCHMO MoBeieHue: npu HoMuHanHu ycnosusi EKF nocrtura mo-
HHCKA CTOMHOCT Ha arperupaHus rnokasaren 3a rpenika (Combined RMS) cnpsmo LSTM—KF, nokato npu
HeOnaronpusaTHU pexuMi (npekbeBane Ha GNSS/pexum dead reckoning, criHa HETMHEHHOCT M TIOBHILIECH
mym) LSTM-KF naBa mo-HUCKH CTOWHOCTH Ha M3IIOJI3BAaHUTE METPUKH 32 OLICHKA Ha IpeIIKaTa U JJOCTUra
10-0bp30 YCTAaHOBEH PEKUM 110 U30paHHs KpuTepuil 3a ycranossBane crpsamo EKF (¢ur. 31, tabnuua 14,
uspas 4.2).

6. AHaNMM3bT Ha WHOBAIMOHHHUTE IIOCIEOBATEIIHOCTH HPENOCTaBs IOIBIHUTEIHA JHArHOCTHYHA
uH(pOpMALHA 32 CHITIACYBAHETO MEXIY MPOrHO3a M U3MEPBaHUs, KaTO HAOII01aBaHOTO OrpaHHYaBaHE Ha
CHCTEMaTHYHATa KOMIIOHEHTA Ha OCTATBIUTE € ChbBMECTHMO C a/IEKBaTHO IPOIIECHO MOJEIHpPAHE 4upe3
00yuaeMusi KOMIOHEHT B Pa3IiIefaHus MOJEII.

HACOKMU 3A BBJIEIIIA PABOTA

1. PasumpsiBaHe Ha EKCICPUMCHTAIHATA BAIMAALHS KbM IO-LIMPOK HAGOp OT TPACKTOPUH HU
PEKUMH, BKIIOYHUTEIHO IO-CIOKHH MaHeBpH, npoibkurenHn GNSS npexbeBaHus M pa3zHOOOpa3zHH
LIyMOBH NPOGHIH, C el OLEHKa Ha 00001[aBaHeTO M YCTOWYHUBOCTTA Ha MPEJIOKEHATA apXUTEKTypa.

2. BkirouBaHe Ha OPHEHTALIMOHHK ChCTOSHUS M TOIBIHUTEIHNA H3MEPBaHuUs (HAIIP. MATHUTOMETED,
O6apoMeTbp, BU3YAIHW/MHIAPHH HAONIOACHMS), KAKTO M paslIUpsBaHE KbM  MYJITHCEH30PHH
KOH(UIypauH, 3a a ce OLEHH eeKThT Ha 00ydaeMHsi MPOLIECEH MOJET MPHU IO-IIbJHA HABUTAL[MOHHA
MMOCTAHOBKA.

3. M3cnenBaHe Ha BapuHaHTH 3a afanTals HAa HEOMPEIEICHOCTTa H POOACTHOCT (HAIp. afalNTHBHO
OLICHSIBAaHE HAa LIYMOBH KOBApHALMM W ACTEKIWS Ha ATUNHYHA H3MEPBaHMs), KAKTO M aHAIM3 Ha
CTaTHCTHYECKAaTa KOHCHCTEHTHOCT 4Ype3 CTaHAAPTHH KPHUTEPHH, KOraTo C€ BKIHOYAT KOBapHALHOHHH
OLICHKH U IPOBEPUMH JIOBEPHUTEIIHH I'PAHULIH.

4. TlpemurHaBaHe KbM MO-PEATUCTUYHH EKCIIEpUMEHTAIHH yclioBus upe3 hardware-in-the-loop (HIL)
M TOJIEBH TECTOBE, BKIIOYUTENHO HPOQUINpAHe M ONTHMH3ALMs 3a LEJICBU Xapiayep, 3a Ja Ce OLEHH
HPHUIOKHUMOCTTA Ha apXUTEKTypaTa MPH OHJIAKH 00paboTKa U PEeCypCHH OrpaHUYCHUS.

V.IIPUHOCH.

Hayuynu npuHocu

1. PaspaboreHa e XuOpHAHA HABUTaLMOHHA cucTeMa 32 uHTerpupana INS/GNSS HaBuranus Ha
BJIA, mpu KosATO mporecHusT (MPEeXOAHUAT) MOJEN B MPOrHO3HaTa cThika Ha KanmanoBara
cxema (predict-update) ce mapaMeTpHu3upa 4pe3 peKypeHTHa HEBPOHHA Mpexa oT tin LSTM, a
KOPEKI[MOHHATa CTBIIKA CE pealM3upa OT KOPEKIMOHHHA MoIynl Ha ¢unthpa. Cucremara e
KOHIENTYaTHO 0OOCHOBAaHA B YCIIOBUS Ha HEJIMHEHHA NMHAMMKA M HECTALOHAPHHU IIYMOBE U €
peanu3upaHa U OICHEHa Ype3 CUMYJIallMOHHHU CLIEHApHH.
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Hay4YHo-npHJIOKHU IPHHOCH

L.

Jlepunupanu ca yciaoBusATa Ha NPHIOKUMOCT Ha xubpuanata INS/GNSS HaBurauumonsna
koHpurypamusa LSTM-KF (KanmanoBa cxema, B KOSTO HPOLECHHUST MOJET B IPOrHO3HATa
CTBIIKA CE€ pean3upa OT peKypeHTHa HeBpoHHA Mpeska oT Tun LSTM) cnipsmo 6a3os EKF: npu
nerpagupanu win npekbeBanm GNSS nabmonenus, nopumieH IMU mym u cuiIHO HenHHEiHa
nuHamuka LSTM—-KF nocTtura mo-HuCKH CTOMHOCTH Ha M3MOJI3BAaHUTE ITOKA3aTelH 3a Tpelika 3a
MO3UILIMA U JIMHEHHa CKOpOCT, A0KaTo npu HomuHaieH pexuM EKF naBa mo-Hucka cToifHOCT Ha
arperupaHus okasaTes 3a rPelka.

Pa3paboren e cumyaanuoHeH MoJeJ1 B pa3BoiiHaTa nporpamua cpeia MATLAB/Simulink na
HMHTETpHpaHa HABUTAlMOHHA apXWUTEKTypa, KOWTO IOAABpXKA NapajelHNd peaau3aliyd Ha
HPOIECHUS MOJEN — AHAIMTHYEH fgyn, W HPOLECEH INPEIMKTOP, PEANM3UpPaH C PEKypeHTHaA
HeBpoHHa Mpexa oT Tl LSTM — cbe chrilacyBaHu BXOAHO-M3XOIHU HHTepdelich, yHupUuIrpaHa
BpeMeBa 0asa 1 ynpasiisieM H300p Ha MPOILIECEH MOJIEI.

PeasiuzupaH e Bb3MPON3BOINM PadOTeH MOTOK 32 U3rPask/iaHe HA XUOPUIHUSI HABUTALHOHEH
Mofen (IJaHHM—OO0y4YeHHe—MHTerpamus), BKIIOYBAIl AaBTOMATH3MPAHO M3BJIMYaHE Ha
CHUMYJIAIIMOHHU JaHHH, (OpPMHUpaHe Ha MOCIENOBATENIHOCTH 3a OOyueHHe, HOpMalu3alus U
ChXpaHsBaHE Ha IapaMeTpuTe 3a MamabupaHe, oOydeHHe Ha PeKYPeHTHA HEBPOHHA Mpeika OT
in LSTM u BHenpsiBane Ha oOydeHarta mpexa B Simulink upe3 ¢yHkimoHaneH Oyok 3a
€IHOCTBIIKOBA IIPOTHO3a, ChBMECTUM C JMICKPETHATA CXeMa Ha (QUITHpA.

BbBegeHa e MeTOmOJI0THSI 32 eKCIepHMEHTAJHA oleHka Ha xuOpuaHata INS/GNSS
HABHTaI[HOHHA APXUTEKTYPa, upe3 arperupana Merprka (Combined RMS), komnonenTHn RMSE
3a CBCTOSHMETO M KPUTEPUH 3a yCTaHOBsIBAaHE Ha rperikara (Hamp. npar 5%), Mo3BoJsBalLIM
CPaBHHMOCT Ha pe3yNITaTUTe NPU WACHTUYHU BXOJHU YCIIOBUS M pa3nu4Hu cueHapun Ha GNSS
JIOCTBITHOCT U LIIYMOBH NPOGHIIH.

Peann3upana e nmocjieiBama o0padoTka Ha pe3yJTaTHTE OT CHMYJIAIMATA 32 CTATHCTHYECKA
OLIEHKA HA NMPOrHO3aTa B XMOPHAHMUS HABUTAIIMOHEH MOJIeJI, Ype3 CPAaBHEHHE HA aHATMTHYHUS
npoueceH Mosien fgyyn U LSTM-0a3upan npouecen npeuKkTop (PEKypeHTHA HEBPOHHA Mpeka
ot Tun LSTM) cripsiMmo pedepeHTHOTO CHCTOSIHUE, C U3YUCIISBAHE U TAOJIMYHO MPEACTABSHE Ha
RMSE 10 koMrnioHeHTH (TO3ULHKS U JIHHEHHA CKOPOCT).

IIpeacTaBeH e AMArHOCTHYEH AHAIW3 Ha MHTerpamusata Ha LSTM-0asupanusi mpoueceH
NpeauKTop (peKypeHTHa HeBpOoHHA Mpeska oT T LSTM) B mporHo3Hara cThlka Ha XHOpHIHATa
HaBUTalMOHHA CXEMa, BKIIIOUUTEIHO pasTpaHH4YaBaHEe MEXIy e(eKTHTe Ha 00ydaeMus NPOLECeH
Mozesn M epeKTHTe Ha KOH(UIypalusara Ha CHMYJALMOHHATa WHTErpalus, ¢ Iel KOPEKTHO
HMHTEPIIPETHPAHE Ha PE3yATATHTE M ONTUMH3ALMS Ha TApAMETPUTE Ha CHCTEMATa.
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I. GENERAL CHARACTERISTICS OF THE DISSERTATION.

Reasons for developing the dissertation

The global development of autonomous unmanned aerial vehicles (UAVs) is characterized by a
clear trend towards a transition from isolated navigation algorithms based on highly idealized analytical
assumptions to integrated navigation systems and multisensor state estimation. In this context, machine
learning (ML) and deep learning methods are increasingly used to interpret sensor streams, model nonlinear
dependencies, and support process modeling in complex system behavior. Review publications in the field
of deep learning applications in UAVs emphasize the growing role of data and sequential real-time
processing in navigation and related tasks (Carrio, Sampedro, Rodriguez-Ramos, & Campoy, 2017).

On this basis, the research line "Kalman filtering + neural networks" is establishing itself as a
practical approach for combining structured probabilistic estimation (through the standard prediction-
update scheme) with learnable models of dynamics in partially known or inaccurately specified processes.
A representative example of this direction are the neural-assisted Kalman methods, in which the state-space
structure of the estimator is preserved, and part of the operations or models are learned from data (Revach,
G., Shlezinger, N., Ni, X., Escoriza, A. L., van Sloun, R. J. G., & Eldar, Y. C., 2022).

Relevance of the problem

In a number of practical applications with increased security and reliability requirements, constant
monitoring of airspace and control of access to strategically important sites is necessary. Under these
conditions, UAVs are often operated in environments with degraded or deliberately compromised GNSS
signals, including through jamming and spoofing. As a result, robust navigation in GNSS-
denied/compromised environments have become a significant engineering and scientific challenge (Elmas,
Elif Ece; Alkan, Mustafa, 2024).

At the same time, the integration of inertial navigation systems (INS) and global navigation satellite
systems (GNSS) remains a basic approach to UAV navigation, as it combines the autonomy of INS with
the long-term stability of GNSS. However, accuracy in dead reckoning modes is limited by the
accumulation of errors caused by the parameters and temperature stability of the inertial measurement unit
(IMU), including MEMS IMUs, which makes the system sensitive in the absence of external corrections.

Purpose and objectives of the dissertation

The main objective of the dissertation is to develop and experimentally verify an integrated
navigation system for UAVs, in which the analytical dynamic model within the framework of Kalman
filtering is supplemented or replaced by a recurrent neural network with long short-term memory (LSTM).
The aim is to improve the accuracy and stability of estimation in nonlinear dynamics, changing noise
characteristics, and GNSS signal degradation.

The main tasks arising from the set goal are:

1. To perform a comparative analysis of modern navigation approaches and methods for integrating
sensor data in UAVs, with an emphasis on the limitations of KF, EKF, and UKF in the case of
nonlinearity and non-stationary noise.

2. To formalize the settings for integrated navigation and define criteria for assessing accuracy,
stability, and consistency in the presence of degraded and interrupted GNSS.

3. Create simulation scenarios (including GNSS losses, noise profiles, and interference) and training
and validation datasets.

4. Perform a comparative analysis of existing neural networks and make an informed choice of a
suitable neural architecture as a process model (or as a component of the , supporting process
modeling/parameter adaptation) in the structure of the filtering algorithm.

5. Develop a simulation experiment in MATLAB/Simulink to conduct numerical experiments and
comparative evaluation against EKF/KF and selected hybrid approaches.

Subject of the dissertation

The subject of the study is the algorithms and methods for estimating the navigation state (position,
velocity, and orientation) of UAVs by integrating sensor data from INS/GNSS, as well as the inclusion of
trainable recurrent neural models to improve process modeling in the case of nonlinearities, mode-
dependent behavior, and degraded measurements.



Means of achieving the objective

To achieve the objective, methods of statistical estimation and filtering of random processes,
analysis and modeling of discrete-time dynamic systems, as well as artificial intelligence (AI) methods for
processing sequential data and approximating nonlinear dependencies are used. The experimental part is
implemented in MATLAB/Simulink, including tools for simulation modeling, training/validation of neural
networks, and analysis of metrics and innovation sequences.

Initial conditions and assumptions

The results were obtained in a simulation environment and are subject to further verification under
more realistic conditions, including parameter variations, different motion profiles, and discrepancies
between simulation and real data. The evaluated state in the considered setting is limited to position and
linear velocity; orientation states and corresponding metrics are not included in the experimental part,
therefore the conclusions should be interpreted within this scope. The quantitative comparisons presented
are formulated with respect to a basic Kalman filter - Extended Kalman Filter (EKF) within the scenarios
considered. An extended comparison with additional filters and hybrid schemes requires a separate
experimental study.

Scientific novelty

The scientific novelty consists of a proposed hybrid navigation estimation framework, in which the
Kalman framework is retained as a structured probabilistic scheme for integrating measurements and
estimating the state, while the process (transitional) model or key elements of the prediction step are
implemented through a trainable LSTM architecture. This aims to achieve more adequate process modeling
in nonlinear modes and changing noise characteristics, including GNSS degradation. The approach is
conceptually compatible with current trends in neural-assisted Kalman filtering (e.g., KalmanNet and
recurrent extensions), but focuses on applicability in UAV INS/GNSS navigation and experimental
verification in a simulation environment (Revach, G., Shlezinger, N., Ni, X., Escoriza, A. L., van Sloun, R.
J. G, & Eldar, Y. C., 2022).

Practical utility

The practical utility of the development is related to the construction of a simulation-oriented
software environment for assessing navigation accuracy and stability in UAVs. The system combines
classical filter blocks (KF/EKF/UKF) with a trainable LSTM model to support process modeling in
scenarios with noise, GNSS degradation, and interruptions. The components are organized in a modular
way (scenario and data generation; measurement filtering and integration; neural model training and
validation; metric comparison and visualization), which allows for step-by-step upgrading and quick
verification of solutions for different mission profiles and sensor characteristics.

II. STRUCTURE OF THE DISSERTATION.

The dissertation analyzes methods from the theory of navigation systems and the field of AI, with
an emphasis on recurrent neural architectures for modeling sequential data and their integration into state
estimation tasks. On this basis, a hybrid LSTM-based navigation model has been developed, in which
LSTM is used as a process model (or a key element of it) within the framework of Kalman filtering, and a
comparative analysis has been performed in simulation scenarios with noise, GNSS degradation, and losses.

o The preface outlines the motives for the development, the relevance of the problem, the objective,
the main tasks, the subject and means, the scientific novelty and practical usefulness of the
development.

o The first chapter presents an overview of navigation systems for UAVs and approaches for
INS/GNSS integration and complementary sensors, as well as the theoretical basis of Kalman
filtering and its limitations in realistic conditions.

o The second chapter analyzes the development of Al approaches for modeling and controlling
dynamic systems, including RNN/LSTM/GRU, Neural Ordinary Differential Equations (Neural
ODE) and Stochastic Differential Equations (SDE), and neural-assisted Kalman methods.

o The third chapter defines the proposed solution and the architecture of the hybrid model, including
the setup for supplementing/replacing the process model with LSTM, the organization of input-
output values, training procedures, and evaluation criteria.



o The fourth chapter describes the experimental environment and scenarios in MATLAB/Simulink,
presents the results of the numerical experiments, and compares the accuracy and stability in GNSS
losses with EKF/UKF and selected hybrid approaches, formulating conclusions about the
applicability and limitations of the solution.

III. BRIEF SUMMARY OF THE DISSERTATION.

CHAPTER 1.
OVERVIEW OF CURRENT TECHNOLOGIES FOR INTEGRATED NAVIGATION
SYSTEMS, UNMANNED AERIAL VEHICLES, AND ARTIFICIAL INTELLIGENCE.

1.1. Classification of navigation systems for unmanned aerial vehicles.

In contemporary specialized literature, navigation systems for unmanned aerial vehicles (UAVs)
are most often considered as architectures for assessing the navigation state, combining sensor
measurements and data processing algorithms. Their main purpose is to reliably determine position,
velocity, and orientation in a dynamic environment characterized by noise, interference, and potentially
hostile influences.

Navigation solutions can be classified according to various criteria, the most widely used being: (1)
primary information source, (2) level of integration between subsystems, and (3) degree of autonomy from
external infrastructures. Within the scope of this section, a classification based on the dominant source of
navigation information is adopted, in which systems are conditionally divided into: inertial navigation
systems (INS), global navigation satellite system (GNSS)-based systems, and integrated (hybrid)
navigation systems. Integrated solutions combine multiple data sources (e.g., INS/GNSS, camera, LiDAR,
barometric and magnetometric measurements, map or radio-based information) through optimal estimation
algorithms, with Kalman filtering variants (EKF/UKF) and optimization approaches (e.g., factor graphs)
being widely used depending on the accuracy and computational resource requirements.

There is a clear trend towards a transition from single sensor modules to integrated navigation
solutions, as individual subsystems generally have fundamental limitations in real-world operation. This is
justified by the accumulation of error (drift) over time in INS and the vulnerability of GNSS to interference,
signal loss, and deliberate actions such as jamming and spoofing (Mahmoud & Trilaksono, 2018).
Therefore, the transition to hybrid architectures can be seen as a technologically justified necessity,
especially in scenarios with limited or compromised GNSS availability. To justify this transition more fully,
it is necessary to first analyze the principles and limitations of inertial navigation.

This thesis is also confirmed in the studies by Mahmoud and Trilaksono (Mahmoud & Trilaksono,
2018) , which emphasize the fundamental limitations of individual subsystems: the accumulation of errors
over time in INS and the vulnerability of GNSS to interference, signal loss, or deliberate attacks such as
jamming and spoofing (Mahmoud & Trilaksono, 2018). Therefore, the logical transition to hybrid
navigation architectures is a technological necessity. However, in order to fully justify this transition, it is
necessary to first analyze the principles and limitations of inertial navigation.

1.2. Kalman filters — theoretical foundations.

The Kalman filter is the general recursive Bayesian filtering algorithm, assuming that the system
dynamics and the observation model are described by linear differential and algebraic equations and all
noises are normally (Gaussian) distributed. Under these conditions, the minimum mean square error
(MMSE) estimate can be calculated using a Kalman filter. An important advantage of this filter is that it
can use almost any information from the available sensors, regardless of how often they update the data
and how accurate their measurements are.

In general, Kalman filtering can be defined as the process of optimally estimating the states of a
real dynamic system operating under the influence of random disturbances. More precisely, the Kalman



filter is a linear recursive algorithm that reconstructs the unknown states of the system from observations
of its noisy output in discrete real time (Popov, 2022).
The dynamics of the system are described by a linear discrete model represented by the expression:
Xp = Fkxk_l + Bkuk + kak' (1.18)
where X, is the state vector at time k, uy, is the control input, and wy, is the process noise with covariance
matrix Q. The matrices Fy, ,By , and G describe, respectively, the dynamics of the state, the influence of
the control actions, and the way in which the process noise affects the system. The measurement model is
specified according to:
Z, = Hkxk + Vi, (1.19)
where z,, is the measurement vector, Hy, is the measurement model matrix, and vy, is the measurement noise
with covariance Ry.
The Kalman filter algorithm is implemented through a recursive procedure in two main stages. In
the prediction stage, the prior estimate of the state and the corresponding covariance matrix are calculated:
_)’i; = Fkﬁk—% + Bkuk, . (1.20)
P = FPp_1Fp + G Qi Gy
The covariance matrix P is a statistical measure of the confidence of the forecast and reflects the
accumulated uncertainty due to process noise and system dynamics.
When a measurement is available, the correction stage is performed, during which the forecast is
updated using the innovation vector and the Kalman gain coefficient:

Ki = PrHE(H P HT+R,)
ﬁk = ﬁ; + Kk (zk_HkﬁI;)' (1'21 )
P, = (I-KHy)Py .

The Kalman gain coefficient K, acts as a weighting factor that balances the influence of
measurements on the model forecast. With low measurement uncertainty, the correction is dominated by
the measurements, while with a high noise component, the filter relies more on the dynamic model.

This formal structure provides a stable and optimal estimate for linear systems with Gaussian noise
and represents the theoretical basis on which the extended and hybrid variants of Kalman filtering,
discussed in the following subsections, are built (Popov, 2022).

1.2.1. Extended Kalman filter (EKF) — linearization of nonlinear systems.

In real navigation applications, the dynamics of the system and the measurement dependencies can
rarely be described by strictly linear models. This requires the use of an Extended Kalman Filter (EKF),
which is a generalization of the classical Kalman filter for nonlinear systems through local linearization
around the current state estimate. The nonlinear discrete model of the system is specified as follows:

X = f(xk—lﬁuk) + kak' (1.22 )

z, = h(xg) + vy,
where f(-) and h(-) are nonlinear functions describing the dynamics of the state and the measurement
process, respectively. The process and measurement noise retain the same statistical assumptions as in the
classical Kalman filter.

The main idea of the EKF is to approximate the nonlinear functions using the first term of the Taylor
series expanded around the current posterior state estimate. This leads to the definition of the Jacobians of
the dynamic and measurement functions:

of oh
F

Hi = = I, (1.23)

= Ix g e

After this linearization, the prediction stage of the EKF formally retains the structure of the classical
filter:
R = FRpe-1, up),

- 1.24
P; = F P F{ + G,Q,Gy. ( )



The correction stage also follows the standard Kalman scheme, using the Jacobian Hj, instead of a
linear measurement matrix. In this way, the EKF allows the processing of nonlinear systems by combining
nonlinear prediction with statistically optimal correction.

Despite its wide application, the EKF has significant limitations. Linearization is only valid locally
and assumes small deviations around the operating point. In highly nonlinear dynamics or during rapid
maneuvers, the Jacobians may prove to be a poor approximation, leading to systematic errors and even loss
of filter stability. Furthermore, the calculation of analytical Jacobians complicates implementation and
increases the risk of model inaccuracies, especially in complex multidimensional systems.

These limitations are clearly identified in classic EKF applications for mobile platform navigation
and are a major motivation for seeking alternative or hybrid methods in which nonlinear dynamics are
described by learnable models rather than analytical linearization (Popov, 2022).

1.3. Limitations of classical and extended Kalman filters.

Despite their wide application and proven effectiveness, classical Kalman filters and their extended
variants have a number of fundamental limitations that are particularly evident in navigation tasks for
unmanned aerial vehicles. These limitations are not a consequence of incorrect implementation, but stem
directly from the mathematical assumptions on which the theory of Kalman filtering is based.

First, all variants of the Kalman filter assume that the dynamic model of the system is known and
adequately describes the real physics of the process. In the linear Kalman filter, this requirement is
formulated through the transition matrices F and the control matrices B , while in EKF and UKF the same
role is performed by the nonlinear function f(-). In real navigation systems, however, the dynamics of
UAVs are highly nonlinear, dependent on aerodynamic effects, turbulence, vibrations, and variable control
modes, which are difficult to describe with a fixed analytical model. As a result, a structural error arises
in the model that cannot be compensated for solely by adjusting the noise covariances.

A second significant limitation is related to noise assumptions. Classical theory assumes Gaussian,
white, and stationary noise in both the process model and the measurements. In INS/GNSS navigation
practice, these conditions are rarely met. The noise of inertial sensors exhibits temperature dependence,
drift, and correlated components, while GNSS measurements are subject to degradation, multipath
propagation, and sudden signal loss. Under such conditions, the fixed matrices Q and R lead to incorrect
uncertainty estimation and suboptimal filter performance.

Additionally, problems arise in EKF related to the linear approximation of nonlinear dynamics.
Jacobians are calculated around the current state estimate, which means that for larger errors or highly
nonlinear regimes, the approximation becomes inaccurate. This can lead to instability, delayed
convergence, or even divergence of the filter. Although UKF reduces the influence of errors from linear
approximation by transforming using the unscented transform method, it also remains dependent on the
correctness of the analytical model and the correct choice of unscented transform parameters.

An important aspect of UAV navigation is the behavior of the estimation filters in dead reckoning
mode when absolute measurements (e.g., GNSS) are temporarily unavailable. In such cases, correction
from an absolute source is unavailable, and estimation relies primarily on process dynamics and inertial
measurements, which is why bias errors, non-stationary noise, and model mismatches accumulate over time
and lead to increasing errors in position and velocity. Review studies show that during prolonged GNSS
outages and highly nonlinear dynamics, classical filtering schemes can exhibit significant degradation in
accuracy and/or consistency, which motivates the use of robust and adaptive approaches.

All the limitations discussed clearly indicate that the problem is not in the Kalman filter framework
itself, but in the inability of the analytical dynamic model to capture the complex, nonlinear, and non-
stationary dependencies characteristic of the real dynamics of UAVs. This leads to the logical conclusion



that in order to improve the accuracy and stability of the navigation system, the dynamic model needs to be
supplemented or replaced with a more flexible approximation structure.

This necessity forms the theoretical basis for the transition to hybrid models, in which Kalman
filtering remains the optimal mechanism for integrating information and managing uncertainty, while the
description of the dynamics is implemented through trainable neural networks. In this context, LSTM-type
recurrent architectures are a natural choice, as they are capable of modeling sequential data, nonlinear
dependencies, and temporal correlations that remain outside the scope of classical models.

1.4. Application of artificial intelligence in modern navigation systems.

Over the last decade, artificial intelligence has become a leading factor in the development of
navigation algorithms for unmanned aerial vehicles. Classic models based on analytical equations and
linearity assumptions are no longer sufficient in conditions of highly nonlinear dynamics, high-frequency
noise, sensor failures, and GNSS interference. UAV state systems demonstrate significant deviations when
the real environment does not correspond to the predefined models, which is typical for the typical operating
environment: turbulence, vibrations, electronic countermeasures, temporary IMU blindings, and sudden
changes in aerodynamic loads.

The accumulation of large data sets, as well as the ability to synthetically generate training cases in
MATLAB/Simulink, creates the conditions for a transition to data-driven and hybrid Al approaches. These
methods occupy an intermediate position between "white-box" physical models and "black-box" deep
learning architectures, with the aim of reducing model error and increasing the accuracy of dynamics
prediction over a wide range of flight modes. For example, in a presentation at MATLAB EXPO 2024—
2025 (Jawahar & Ulusoy, 2024) clearly emphasizes that neural state-space models and reduced AI models
(AI-ROM) are now part of the industry standard for controlling complex systems, including UAVs.

This gives rise to a research paradigm in which Al not only complements the classical Kalman filter,
but transforms the state model itself, allowing for an adaptive structure that is more robust to noise, dynamic
uncertainty, and nonlinearity.

1.4.3. Hybrid AI-Kalman approaches.

Hybrid Al-Kalman approaches are one of the leading lines in modern navigation algorithms, as they
combine the physically grounded structure of Kalman filtering with the adaptability of deep learning
methods. The main idea is to integrate learnable components into key blocks of recursive estimation - most
often in the prediction step (the state transition model), in the process noise model/statistics, as well as in
adaptive mechanisms for tuning the Q and R covariances. This preserves the probabilistic "forecasting-
correction" scheme while reducing the dependence on the strict analytical nature of the model and the
assumption of linearity (Revach, G., Shlezinger, N., Ni, X., Escoriza, A. L., van Sloun, R. J. G., & Eldar,
Y. C.,2022).

As discussed earlier in the chapter, in the classical linear KF, the dynamic model is specified as
follows:

Xk+1 = Fkxk + Bkuk + wy, (1.33)

where Fy, ,By, , and the statistics of wj, are known or modeled a priori. In practice, with UAVs, the actual
dynamics are often:

* highly nonlinear,

» changing over time,

» dependent on factors that are difficult to describe physically (turbulence, mechanical

vibrations, temperature nonlinearities),

* subject to non-ideal and, in general, non-Gaussian influences.

One of the widely used hybrid approaches is approximation or replacement of the transient

model with a trainable nonlinear function:

Xer1 = fo (X wp) + Wy, 1.34)
where fy is a neural component (e.g., a recurrent network) trained on real or simulated data. A representative
example of this class is KalmanNet, which preserves the recursive structure of Kalman estimation but uses



a neural network to increase robustness to nonlinearities and model mismatches in partially known
dynamics (Revach, G., Shlezinger, N., Ni, X., Escoriza, A. L., van Sloun, R. J. G., & Eldar, Y. C., 2022).
In addition, there are hybrid enhancements that do not replace the dynamic model with a neural
network but introduce adaptability in the filter tuning (Figure 11). In the publication Kalman Filter
Enhancement for UAV Navigation Johnson, Sasiadek, and Zalewski (Johnson, Roger; Sasiadek, Jerzy;
Zalewski, Janusz, 2002) propose:
« fuzzy logic for adaptive tuning of parameters/noise strengths to limit EKF divergence;
* parallelization to accelerate calculations, demonstrating the effect through simulation
results.
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Real-Time
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Figure 11. Basic architecture of the control system.
Source: Kalman Filter Enhancement for UAV Navigation (Johnson, Roger; Sasiadek, Jerzy; Zalewski, Janusz,
2002).

Similar ideas for data-based learnable modeling of nonlinear dynamics can be found in the literature
on kernel-based Bayesian filters, in which the transition and/or measurement model is described in a
feature space (RKHS), and the recursive "prediction-correction" scheme is implemented through kernel
operations. Representative developments in this direction are the Kernel Kalman rule / Kernel Kalman filter
(Gebhardt, G.H.W., Kupcsik, A. & Neumann, G., 2019) and the Adaptive Kernel Kalman Filter (Sun, M.,
Davies, M. E., Proudler, 1., & Hopgood, J. R., 2023) , which formalize estimation through kernel
embeddings and allow operation with nonlinear dependencies.

In the publication Navigation complex with adaptive non-linear Kalman filter for unmanned flight
vehicle (Selezneva, Neusypin, & Proletarsky, 2019) , an adaptive nonlinear Kalman filter (Figure 12)
with parametric identification of the INS error model is developed, with the authors comparing several
implementations (KF, NKF, NKF+OLS, NKF+GMDH, etc.). The results presented show a significant
improvement in accuracy compared to the classical KF (e.g., a reduction in position error from 12—15 m
with KF to about 4-5 m with the best variants in their experimental scenario).

0.+x, + o 0+X,

Figure 12. Block diagram of NC with NFK using GMDH.
Source: Navigation complex with adaptive non-linear Kalman filter for unmanned flight vehicle (Selezneva, Neusypin, &
Proletarsky, 2019).
An example of modern hybrid implementations is KalmanNet, in which a neural module is trained
to estimate the Kalman gain K; (Kalman gain), while the recursive structure of the filtering is preserved.



From a GNSS-resilient perspective, an approach widely used in INS/GNSS literature involves Al
generating pseudo-measurements during GNSS outages, which are then fed into the EKF as
substitute/auxiliary information. For example, Fang et al. (Fang, W., Jiang, J., Lu, S., Gong, Y., Tao, Y.,
Tang, Y., Yan, P., Luo, H., & Liu, J., 2020) use LSTM to generate pseudo GNSS increments when the
GNSS signal is lost, and Zhi et al. (Zhi, Z., Liu, D., & Liu, L., 2022) apply CNN-LSTM to compensate for
the degradation of GPS/INS integration during GPS outages. In this class of systems, the logic is: INS
provides the dynamics, Al evaluates replacement/compensating observational information, and EKF
performs recursive correction.

A separate but related line of work involves EKF-based architectures for sensor integration without
Al used as a baseline reference and starting point for extensions. An example of such a practical
implementation is EKF-based integration of GNSS/IMU/barometric data in MATLAB/Simulink, discussed
in Motayed's work (Motayed M. S., 2025).

With regard to anomaly and failure diagnostics, neural network-based methods can be used as
detectors of atypical modes in a stream of measurements. Although Djaghloul et al. (Djaghloul, Tehrani,
& Vurpillot, 2025) demonstrate the approach in the context of power electronics (inverter), the principle of
detecting anomalous patterns using 1D CNN/LSTM is methodologically transferable to navigation sensor
streams.

For robust position estimation in a GNSS-denied environment, a hybrid 1D CNN/LSTM
architecture is proposed. The 1D CNN layer extracts high-frequency characteristics from the inertial
sensor streams, while the subsequent LSTM layer models their long-term dynamics (Woyano, F., Park, S.,
Iordanov, V. B., & Lee, S., 2023). This approach improves accuracy in the event of sudden GNSS signal
loss.

Finally, in control tasks (Figure 13), reinforcement learning (RL) is often combined with a state
estimation block in the control loop; in the MathWorks presentation (Baru, MathWorks) , this is shown
conceptually by the presence of a separate "State Estimation" block in the architecture.
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Figure 13. Simulink model for RL-based robot control.
Source: Reinforcement Learning: Leveraging Deep Learning for Controls (Baru, MathWorks).
All hybrid models considered have significant advantages over traditional Kalman models, but for
greater clarity, an analysis of the advantages of hybrid AI-Kalman approaches has been performed
Table 6. Synthesized advantage of hybrid AI-Kalman approaches.

Functional element Classic KF/EKF/UKF Hyb’}‘;‘l‘flzllf;"m““

The dynamic model f(-) is analytically

specified (linear for KF; nonlinear with The transition model can be approximated/corrected
Prediction linearization for EKF; sigma points for UKF). using ANN f0(-) or a trainable correction term (residual)

Accuracy depends heavily on the adequacy of can be used. Reduces sensitivity to model mismatch
the model
Usually assumed to be constant or manually 0 and/or R can be estimated adaptively from data (e.g.,

Noise models Q, R tuned; classical adaptation (innovation-based) ANN/regression models), including dependence on mode,

is possible, but with limited flexibility dynamics, and measurement quality
Operation under Trainable components can model more complex nonlinear
nonlinearities dependencies and improve robustness in model mismatch;




EKF/UKEF allow nonlinear models, but the
posterior is usually a Gaussian
approximation; robustness depends on
linearization/distributions and model quality

Gaussian approximation is often retained, but with better
adapted parameters/models

Anomalies / outliers

Sensitivity to outliers under standard
assumptions; requires additional robust
mechanisms (gating, M-estimators, robust
loss)

Al detectors for anomalies and/or trainable
gating/weighting of measurements can be added to support
robust rejection or confidence re-evaluation

Compensation for drift

Compensation depends on the included
bias/scale state vectors and the correctness of

ANN/time models (e.g., LSTM) can describe time-
correlated drifts and unmodeled dependencies

and systematic errors

(temperature, vibrations) by adding correction terms or

the models; limited for unmodeled effects . .
noise adaptation

Behavior during GNSS
interruptions

Robustness is determined by INS errors and @
tuning; during longer interruptions, the error
increases due to integration drift

Pseudo-measurements from Al, additional modalities
(VIO/SLAM), or adaptive drift models are often used,
which can limit the increase in error during interruptions

Computational
complexity and
implementation

Additional complexity from trainable blocks
(training/inference, data, validation); with a well-chosen
architecture, it remains compatible with real time, but
requires more engineering

Relatively predictable complexity; well-
established implementations and tools (e.g.,
MATLAB/Simulink)

Interpretability and
verification

The recursive structure remains interpretable, but the
trainable components are partially a "black box"; require
additional procedures for validation, robustness, and
safetyKalamnow

High interpretability of the model and
parameters; easier formal verification and
diagnostics

In summary (Table 6), the developments discussed show that hybrid Al-Kalman approaches are

one of the most promising lines for UAV navigation systems: they preserve the recursive probabilistic
structure of filtering, using Al to model/adapt nonlinearities, noise structures, and drifts that are difficult to
describe analytically.

1.5. CONCLUSIONS FROMCHAPTER 1.

1.

The analysis in this chapter shows that neither INS, nor GNSS, nor visual methods alone provide a
stable solution in all flight modes, which is why integrated architectures are a methodologically
sound choice; in particular, in dead reckoning, the systematic errors (bias) of the IMU, temperature
instability, and stochastic measurement deviations determine the rate of navigation error
accumulation and, accordingly, the accuracy of position and velocity estimates, especially during
prolonged intervals without external corrections (e.g., GNSS or other absolute measurements).
Inertial navigation systems provide high autonomy, but due to the integration of inertial
measurements, they inevitably accumulate drift, with the rate of accumulation depending on the
class, calibration, and temperature stability of the inertial measurement unit (IMU), including
MEMS-IMU.

GNSS navigation provides high absolute accuracy under normal reception conditions, but is
vulnerable to jamming, spoofing, and degradation (including multipath signal propagation), as these
disturbances are a realistic operational factor in environments with electronic countermeasures
(electronic warfare - EW) and should be taken into account when designing navigation architectures.
Visual navigation methods expand the possibilities for autonomous localization and mapping, and
their integration with INS via EKF/UKF increases resilience to single sources, but remains sensitive
to observation conditions (illumination, texture, motion dynamics) and does not ensure drift
elimination without absolute corrections or additional global constraints (e.g., GNSS, beacons,
maps/loop closure), especially in partial observability.

EKF relies on linearization of nonlinear models and, in the case of strong nonlinearity or inaccurate
modeling, can lead to suboptimal estimates or divergence. UKF reduces risk through sigma points;
its accuracy and consistency depend on the correct tuning of noise covariances and state
parameterization, especially in the case of non-stationary noise without adaptive mechanisms.
Kalman filters (including EKF/UKF) are effective with well-defined models and controlled
assumptions, but can degrade in real operation with degraded measurements, non-stationary noise,
outliers, and dynamic changes in the availability of observations if robust and/or adaptive
mechanisms are not used.



7. Real UAV scenarios are characterized by strong nonlinearity, non-stationary noise, and intermittent
(discontinuous) availability of GNSS measurements, depending on the environment and scenario

8. In the event of a systematic violation of the linear-Gaussian and stationary assumptions, Kalman-
type models and filters may degrade; therefore, robust and/or adaptive mechanisms are necessary

9. Attificial intelligence methods provide opportunities for adaptation, modeling of nonlinear
dependencies, and extraction of patterns from sensor data, including in difficult-to-model modes,
but require precise training, validation, and generalization control.

10. The need for integrated navigation solutions justifies the use of robust and adaptive architectures,
including approaches that combine Kalman filters with Al methods, for example for anomaly
detection, noise model adaptation, or support models for evaluation.

CHAPTER 2.
ALGORITHMS FOR ARTIFICIAL INTELLIGENCE IN THE MANAGEMENT OF
UNMANNED AERIAL VEHICLES.

2.1. Modeling of dynamic systems with neural networks.

In modern autonomous UAV control systems, there is a growing share of data-based methods in
which dynamics are described by trainable models instead of (or together with) strictly analytical equations.
The actual behavior of the flying platform is often nonlinear, context-dependent, and time-varying, and the
uncertainties caused by aerodynamic effects, vibrations, and changes in the operating environment are not
reliably captured by simplified physical models. In this sense, deep learning does not "replace" classical
control theory, but provides a mechanism for identifying and adapting components that are difficult to
model a priori (Cohen & Klein, 2024).

One line of research is deep state-space models (deep SSM), in which the state transition is specified
by a neural network (or neural submodels), and training is performed on input-output time series. This class
of models can be viewed as a generalization of the classical description of state space, but with higher
expressiveness in nonlinear systems and the possibility of probabilistic (stochastic) modeling of
uncertainty. Gedon et al. (Gedon, D., Wahlstrom, N., Schon, T. B., & Ljung, L., 2021) demonstrate that
deep SSMs are applicable as a "black box" for nonlinear system identification and evaluate several variants
on benchmark datasets, explicitly emphasizing the role of neural parameterizations in representing a wide
class of dynamics.

A second line of research that expands the possibilities for modeling dynamics with neural networks
in the context of control is the use of latent dynamic models for planning and forecasting under partial
observability. The approach of Hafner et al. (Hafner, D., Lillicrap, T., Fischer, L., Villegas, R., Ha, D., Lee,
H., & Davidson, J., 2019) uses a recurrent state model in latent space and trains a transition model that
allows for multi-step predictions and action planning without the need for explicitly specified physical
dynamics. This is particularly relevant for UAVs because navigation and control tasks are often partially
observable (limited visibility, temporary GNSS outages, etc.), and the latent state can serve as a compact
summary of the observation history.

A third important line of research is Koopman approaches, in which a neural network is used to
transform the state to a higher-dimensional space so that nonlinear dynamics can be approximated by linear
dynamics in that space, which facilitates control synthesis. Han et al. (Han, Y., Hao, W., & Vaidya, U.,
2020) consider DNN-based learning of Koopman representation for control synthesis and highlight the
advantage of combining data-based identification and classical control methods (e.g., linear quadratic
regulator - LQR/model predictive control - MPC) on the resulting linear approximation. The practical value
for UAVs is that such a model can facilitate the design of controllers under strong nonlinearities and
uncertain parameters without requiring a complete physical modeling of all effects.

In navigation applications, deep learning is most often used as a supplement to classical structures
(e.g., filtering and sensor integration), assisting in calibration, denoising, and partial learning of model
parameters or components, rather than setting them entirely analytically. In this regard, the review by Cohen
and Klein, " systematizes trends in the integration of deep learning with inertial navigation and sensor data



integration, including approaches in which components of model-based algorithms are learned rather than
defined entirely analytically.

2.1.1. RNN and LSTM.

Recurrent neural networks (RNN) are suitable for modeling dynamic systems because they use an
internal state to describe the temporal dependencies between successive inputs. In the context of UAVs,
this is important because inertial measurements, visual observations, and navigation residuals are typically
interpreted as a time sequence that carries information about current motion and accumulating errors.
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Figure 16. The LSTM cell can process data sequentially and maintain its hidden state over time.
Source: ResearchGate.

Classic RNNs often work well with short-term dependencies, but with long sequences they can
exhibit problems such as gradient vanishing/explosion, which makes training difficult. For this reason, the
LSTM (Long Short-Term Memory) architecture is widely used as a practical solution for modeling long-
term dependencies (Figure 16), typical of IMU signals and visual-inertial sequences during flight
(Hochreiter, S., & Schmidhuber, J., 1997).

Figure 17. Simulink implementation of an LSTM layer followed by a fully connected layer (FC).
Source: MathWorks.
The MathLab analysis LSTM Layer as a Nonlinear Dynamical System (Campa, 2023) shows how
an LSTM layer can be viewed as a nonlinear dynamic system (Figure 17) with a specific structure and
whether and how LSTM layers can approximate linear dynamic systems:
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where:

Inputs/states:

e X, - input vector at timet (e.g., IMU measurements, visual features, innovations/residuals,
or concatenation of such quantities);

e h;_; - hidden (initial) state of the LSTM from the previous moment t-1;

e h; — hidden (output) state of the LSTM at time t; this is the "output" of the cell, which is
often fed to the next layer or to a regressor for prediction;

e ¢, —cell (internal) state from time t-1, which carries the "memory" of the LSTM;

e ¢, —cell (internal) state at time t, updated based on the current input and previous states.

Gates and candidate cell state:

o f, - forget gate: determines how much of thec,_; to retain;

e i, - input gate: determines how much of the new information to write to the cell;

e 0, —output gate: determines what part of the current cell state should be "shown" as outputh,

e ¢, — candidate for new cell content represents nonlinearly transformed "new information"
that can be added to memory.

Nonlinearities and operations:

e 0(") - logistic sigmoid function: limits the values of the gates in the interval [0,1];
e tanh (*) - hyperbolic tangent: limits values in [-1,1] and stabilizes state updates;
e (O - element-wise multiplication (Hadamard product).

This structure is suitable for modeling UAV dynamics, as the internal statec; can encode long-term
dependencies and accumulating effects (e.g., slow changes related to drift/systematic components), while
the output stateh, is a vector representation of the current dynamics, which is fed to the next time step or
to the output layer.

In state estimation tasks, RNN/LSTM-type neural models can be used as a module that
reconstructs/approximates the motion dynamics from historical information, thus assisting or
complementing classical estimators. In Deep Learning-Based Neural Network Training for State
Estimation Enhancement. Application to Attitude Estimation (Al-Sharman, et al., 2019) , it is demonstrated
that such models can improve orientation estimation under complex and non-stationary measurement
conditions, which is also relevant for UAVs.

Additionally, resistance to anomalous measurements is critical for sensors such as GNSS/IMU and
visual artifacts. In OQutlier-Resistant Remote State Estimation for RNNs with Mixed Time-Delays (Li, Wang,
Dong, & Ghinea, 2020) , recurrent models and procedures aimed at robust estimation in the presence of
anomalies are discussed, with the idea being applicable to navigation sequences (e.g., GNSS degradation,
IMU saturation, or problems in visual observations).

Separately, LSTM can also be used for prediction (not just filtering), predicting future
states/positions (or other kinematic quantities) based on a sequence of observations. An example of such
an approach is the work of Torkar (Torkar, 2019) , which demonstrates time modeling with LSTM for
forecasting in the context of sequential observations; the concept is methodologically transferable to UAVs
in the presence of appropriate data and a correctly defined state.

The summary of the studies conducted is that RNN and LSTM architectures are a suitable tool for
modeling the dynamics of UAVs in the presence of time dependencies and non-stationary conditions. They
are most often used not as a complete replacement for physical models, but as a complementary module
- for approximating the process model, compensating for systematic effects, or increasing robustness in
degraded measurements, within the framework of hybrid navigation/estimation architectures.

2.2. ANN as a replacement dynamic model of KF.

Kalman filtering (KF, EKF, UKF) requires a process (transient) model that describes the evolution
of the state over time and determines the quality of the forecast step. In the case of model incompleteness,
strong nonlinearity, or mismatch between the analytical model and the actual dynamics (model mismatch),
the forecast error may increase, and in conditions of limited observability or temporary absence of absolute
correction (e.g., in calculation), the filter may exhibit significant degradation in accuracy and/or



inconsistency. This motivates the use of trainable components, in which the process model is not specified
analytically but is parameterized by a neural network and trained from data, for example:x;,; =
f(xg, ug) + wi. A number of hybrid approaches have been proposed in the literature, in which neural
models support or partially replace the dynamics/parameters of the filter and show improvements in
nonlinearities and model mismatch under experimental conditions. The results of publications related to
hybrid models between classical Kalman filters and artificial neural networks achieve excellent results in
terms of accuracy and efficiency (Feng, S., Li, X., Zhang, S., Jian, Z., Duan, H., & Wang, Z., 2023). The
relatively compact RNNs used in the studies can be trained with a relatively small dataset, making them
applicable to high-dimensional state-space models and devices with limited computing capabilities
(Revach, G., Shlezinger, N., Ni, X., Escoriza, A. L., van Sloun, R. J. G., & Eldar, Y. C., 2022). The
experimental results show the potential of the hybrid approach in terms of improving accuracy, robustness,
and interpretability (Chen, C., Lu, X., Wang, B., Trigoni, N., & Markham, A., 2021).

2.2.2. ANN as a predictive model.

The use of artificial neural networks (ANN) as prediction models within navigation algorithms is
an area of growing interest in the literature on autonomous systems and sensor data integration. Unlike
approaches where ANN replaces the process model (transfer function) in the filter, here the neural network
acts as an additional predictive/corrective module that works in parallel with the statistical framework of
Kalman filtering. In this sense, ANN can assist the predictive step by providing additional information
extracted from historical measurements, context, and/or latent dependencies, without necessarily disrupting
the predict—update structure of the filter.

The practical motivation for predictive ANN layers is related to the limited applicability of fixed
analytical models in conditions of strong nonlinearities, non-stationary noise, and model mismatch. In such
modes, the prediction error can acquire a systematic component that cannot be effectively compensated for
solely by classical covariance tuning. Particularly critical are dead reckoning modes in the temporary
absence of absolute correction (e.g., GNSS failure), when the accumulation of errors accelerates and the
dependence on the forecast increases (Shlezinger, N., Revach, G., Ghosh, A., Chatterjee, S., Tang, S.,
Imbiriba, T., Dunik, J., Straka, O., Closas, P., & Eldar, Y. C., 2025) ; (Kim, S., Petrunin, 1., & Shin, H.-S.,
2022).

One of the key ideas in this class of approaches is for ANN to predict not only the state itself, but
also the model error/bias/residual prediction. Instead of the neural network completely replacing the
dynamics, it can be trained to estimate a correction term Ax;, or an equivalent correction in the forecast that
compensates for systematic inconsistencies in the analytical process model (Farchi, A., Bocquet, M., &
Brajard, J., 2021); (Brajard, J., Carrassi, A., Bocquet, M., & Bertino, L., 2020). Similarly, ANN can be used
to estimate/adapt noise characteristics (e.g., effective covariances) when the assumptions of noise
stationarity are violated (Levy, A., & Klein, 1., 2025) ; (Sun, B., Zhang, Z., Qiao, D., Mu, X., & Hu, X.,
2022); (Wang, H., Deng, Z., Feng, B., Ma, H., & Xia, Y., 2017). These types of setups are considered part
of the more general class of Al-aided Kalman filtering methods, in which the filtering structure is preserved
but a learnable compensation or adaptation mechanism is added.

In the context of an integrated navigation system, ANN can be used in several typical ways, which
are discussed in the literature on hybrid filtering architectures (Shlezinger, N., Revach, G., Ghosh, A.,
Chatterjee, S., Tang, S., Imbiriba, T., Dunik, J., Straka, O., Closas, P., & Eldar, Y. C., 2025) ; (Kim, S.,
Petrunin, 1., & Shin, H.-S., 2022) :

e A direct state prediction model that provides an additional predictionX;_ 4 (or a correction
term to it) and is combined with the filter (Farchi, A., Bocquet, M., & Brajard, J., 2021);
(Brajard, J., Carrassi, A., Bocquet, M., & Bertino, L., 2020);

e Predictive model of observations, e.g., prediction of future IMU/incremental
measurements or innovations, in order to stabilize estimation in degraded data (Sun, B.,
Zhang, Z., Qiao, D., Mu, X., & Hu, X., 2022);

e A predictive error/inconsistency model in which ANN estimates the bias or structural
error of the process model and uses it to correct the prediction step or adapt the noise



parameters (Levy, A., & Klein, 1., 2025); (Wang, H., Deng, Z., Feng, B., Ma, H., & Xia, Y.,
2017).

Each of these approaches can be integrated into a hybrid architecture provided there is a clear
framework for training, validation, and generalization control, as predictive ANN components can improve
accuracy in the scenarios considered, but they can also introduce systematic biases in the case of domain
differences or unrepresentative training data. Therefore, in engineering implementation, ANN is considered
an additional module that reduces dependence on simplified analytical models while maintaining a
structured assessment scheme and clear sustainability criteria (Kim, S., Petrunin, 1., & Shin, H.-S., 2022)
A., Chatterjee, S., Tang, S., Imbiriba, T., Dunik, J., Straka, O., Closas, P., & Eldar, Y. C., 2025); (Choi, G.,
Park, J., Shlezinger, N., Eldar, Y. C., & Lee, N., 2023).

Thus, ANN in the role of a predictive model acts as a mechanism that extends the predictive power
of Kalman filtering beyond the limitations of fixed analytical models by providing an additional forecast
trained on real or simulated data (Shlezinger, N., Revach, G., Ghosh, A., Chatterjee, S., Tang, S., Imbiriba,
T., Dunik, J., Straka, O., Closas, P., & Eldar, Y. C., 2025). As a result, the hybrid system may exhibit higher
resilience in scenarios with high uncertainty, nonlinearity, and deterioration of sensor data quality—
situations typical of real-world operating conditions (Sun, B., Zhang, Z., Qiao, D., Mu, X., & Hu, X., 2022);
(Levy, A., & Klein, L., 2025).

In order for the role of ANN as a predictive model to be formally and clearly defined within the
framework of Kalman filtering, the following two types of formulations are most commonly used.

(A) Correction of the forecast step by predicting model error

Let the classical process model (analytical or approximate) be:

Xe+1 = fo(Xo W) + Wk, Wi ~ N(0, Q). (2.12.1)

In the predictive (aiding) setting, the ANN is trained to predict a correction term Ay (+) , which

compensates for structural error/incompleteness of the model:

Rier1ie = fo R wie) + Do (i), (2.12.2)
where &, is a vector of input features (e.g., a window of IMU measurements, previous innovations, bias
estimates, contextual parameters). This formulation is particularly useful in dead reckoning mode, when
there is no absolute correction (e.g., GNSS failure) and the systematic component of the prediction error
dominates the accumulation of drift.

Thus, ANN does not completely replace the process model, but acts as a corrective to the forecast,
reducing systematic deviations in incomplete/inaccurate analytical dependencies. Similar ideas for online
model error correction and combining ML with assimilation/estimation are discussed and experimentally
validated in the literature (Farchi, A., Bocquet, M., & Brajard, J., 2021); (Brajard, J., Carrassi, A., Bocquet,
M., & Bertino, L., 2020). In review articles on Al-aided Kalman filtering, this approach is considered part
of a class of methods in which a learnable module compensates for model mismatches while preserving the
filtering structure (Shlezinger, N., Revach, G., Ghosh, A., Chatterjee, S., Tang, S., Imbiriba, T., Dunik, J.,
Straka, O., Closas, P., & Eldar, Y. C., 2025).

(B) Adaptation of noise covariances via ANN (non-stationary noises)

In classical Kalman filtering, the process and measurement noise covariancesQ; andR;, are often
assumed to be stationary or set by default. However, in real UAV navigation systems, noise characteristics
can be non-stationary (e.g., change in vibration mode, turbulence, GNSS degradation, change in
measurement quality), which motivates an adaptive approach.

A standard line is an online adaptation of @, and/or R; through residual/innovation statistics
(innovation-based adaptive filtering), where the covariances are adjusted so that the statistical properties of
the innovation sequence match the filter assumptions. This approach and its variants have been widely
discussed in adaptive KF schemes and in the context of integrated INS/GNSS systems (Sun, B., Zhang, Z.,
Qiao, D., Mu, X., & Hu, X., 2022); (Wang, H., Deng, Z., Feng, B., Ma, H., & Xia, Y., 2017).

In an ANN-based setting, adaptation can be parameterized through learnable functions that estimate
effective covariances as functions of features:

Qr=0Q0(k), Rk =Rp(Sk), (2.12.3)
where:
Qy - covariance matrix of the process noise at discrete time k.



Ry, - covariance matrix of the measurement noise at time k.

k - discrete time index (iteration/filter step).

Qg and Ry, - trainable functions (e.g., ANN) that return @y and Ry.

0 and ¢ - parameters (weights) of the respective neural models.

&, and{; - input features/vector of characteristics for moment &, from which ANN predicts Qy
and Ry, where {;, may include indicators of observation quality (e.g., C/No, geometry, detected
interference, innovation statistics). This allows the filter to "readjust" the weight between the forecast and
real-time measurements under degraded or changing conditions. Similar neural-adaptive settings (e.g.,
neural/adaptive UKF) are considered as a means of adapting the filter to non-stationary noise. ( The general
class of methods for Al-aided Kalman filtering also includes approaches for learning/adapting noise
parameters and statistics, with the goal of robustness under realistic conditions and model mismatch
(Shlezinger, N., Revach, G., Ghosh, A., Chatterjee, S., Tang, S., Imbiriba, T., Dunik, J., Straka, O., Closas,
P., & Eldar, Y. C., 2025).

2.2.3. Training on simulated or real data.

One of the key practical issues in building an ANN as a component of a hybrid navigation system
is the choice of training strategy: using simulated data, using real measurements, or a combined approach.
The two data sources are not mutually exclusive, but they differ significantly in terms of controllability of
conditions, statistical realism, and the risk of mismatch between training and operational environments.

Simulation data provides an important advantage in that it allows for systematic control of flight
modes, dynamic effects, and sensor model parameters, including noise tuning and repeatable experiments
in a controlled environment. This makes simulation particularly suitable for initial development and
validation of algorithms, as well as for generating large amounts of data in scenarios that are difficult,
dangerous, or resource-intensive to implement in real conditions. In this context, MATLAB/Simulink
(Figure 21) is used as an engineering platform for modeling, simulating, and evaluating autonomous UAV
systems and for virtually testing autonomy solutions and sensor models (Antoniou & Grabowski, 2021).

T - e %

controlled drones.

Source: MatlabEXPO Autonomous UAV Development and Evaluation with MATLAB and Simulink (Antoniou &
Grabowski, 2021).

In addition, simulation data inevitably carries the risk of idealizing the nature of this data. Even with
carefully constructed sensor models, simulation often fails to adequately reproduce complex effects such
as long-term drifts, temperature dependencies, structural vibrations, and other non-stationary components
of error. This leads to a gap between simulation and reality (sim-to-real gap), where an algorithm or trained
model behaves differently when working with simulated versus real measurements. Specifically for GNSS
and IMU sensors, a quantitative approach has been proposed to assess this gap by comparing the behavior
of the state estimator on real and simulated experiments under different noise models, isolating the
contribution of sensor simulation inaccuracy (Mahajan, 1., Unjhawala, H., Zhang, H., Zhou, Z., Young, A.,
Ruiz, A., Caldararu, S., Batagoda, N., Ashokkumar, S., & Negrut, D., 2024).



Real measurements provide "statistical realism" because they contain the actual properties of noise
processes and artifacts of the specific hardware. Studies on MEMS IMUs show that inertial sensor errors
are a composition of various stochastic components (e.g., random walk, bias instability, etc.), which are
evaluated and characterized using specialized methods such as Allan variance, PSD, and Gauss—
Markov/AR models. Therefore, ANNs trained on real IMU time series can "see" dependencies and
structures that are not represented in simplified simulation scenarios (Zhao, Horemuz, & Sjoberg, 2011).

In practice, this leads to a compromise: real data is more representative, but it is more difficult to
collect in sufficient volume and often does not fully cover all modes of motion (especially for rare or
extreme scenarios). Therefore, review studies in the field of deep learning for inertial navigation and sensor
fusion emphasize the role of approaches that "reinforce" model-based schemes through data training and
discuss the need for adequate preparation of training sets under real conditions and different motion
domains (Cohen & Klein, 2024).

The combined approach is usually implemented as a two-stage training: (i) pretraining on
simulated data to learn the global dependencies in the dynamics and the main causal relationships between
state, control, and observations, and (ii) subsequent fine-tuning on real measurements, with the aim of
calibrating the model to the actual noise characteristics, structural artifacts, and inevitable discrepancies of
the simulation model. Such a strategy is motivated by the existence of a measurable sim-to-real gap for
GNSS/IMU and by the fact that the accuracy of sensor simulation has a direct impact on the quality of state
estimation (Mahajan, 1., Unjhawala, H., Zhang, H., Zhou, Z., Young, A., Ruiz, A., Caldararu, S., Batagoda,
N., Ashokkumar, S., & Negrut, D., 2024).

In summary, ANN training for navigation purposes should be planned to take advantage of both
simulation and real data. Simulation is effective for initial training and covering controlled scenarios, while
real measurements are critical for statistical reliability and adaptation to real noise processes. Therefore, for
ANN components in a hybrid INS/KF navigation scheme, the most reliable strategy is a combined one in
which preliminary training on simulation is complemented by fine-tuning on real flight data (Mahajan, L.,
Unjhawala, H., Zhang, H., Zhou, Z., Young, A., Ruiz, A., Caldararu, S., Batagoda, N., Ashokkumar, S., &
Negrut, D., 2024); (Cohen & Klein, 2024).

2.2.4. Error and resilience.

In hybrid architectures combining neural networks with Kalman filtering, error analysis and
robustness become central due to the introduction of an additional mechanism of uncertainty: the
behavior of the learnable component outside the training distribution (domain shift) and potential
generalization errors. At the same time, it is precisely the learnable modules that are used to compensate
for the shortcomings of analytical models in nonlinear dynamics, model mismatch, and non-stationary
noise, with the aim of preserving the structural interpretability and recursive efficiency of KF/EKF/UKF,
but increasing robustness under real conditions. This direction is systematized in review papers on Al-
assisted Kalman filters, which distinguish between approaches for (i) learning/correcting the dynamics
and/or measurement model and (ii) learning/adapting the noise and uncertainty statistics (Shlezinger, N.,
Revach, G., Ghosh, A., Chatterjee, S., Tang, S., Imbiriba, T., Dunik, J., Straka, O., Closas, P., & Eldar, Y.
C., 2025).

2.3. Hybrid models (KF + ANN).

Research on combining Kalman filtering and artificial neural networks (ANN) has developed
intensively over the last decade, with the main goal being to combine the recursive structure and statistical
validity of KF/EKF/UKF with the approximation capabilities of ANN in nonlinear dynamics, model
mismatch, and non-stationary noise. In the literature, this direction is considered as Al-aided Kalman
filtering, covering methods for (i) learning/correcting the process and measurement model and (ii) adapting
statistical parameters (e.g., noise covariances) for more robust state estimation.

The classic (linear-Gaussian) Kalman filter is optimal for linear models and Gaussian noise
processes; for navigation tasks with pronounced nonlinearity, partial observability, degraded
measurements, and/or non-stationary errors, generalized variants (EKF/ESKF/UKF) and/or additional
robust and adaptive mechanisms are required, as well as in cases of known noise covariances and standard
assumptions (e.g., white noise). In this context, ANNs are used not as a "substitute for filtering" but as



trainable components that assist the estimator in areas where the analytical model is incomplete or difficult
to parameterize. Such solutions are also discussed in reviews of deep learning in inertial navigation and
sensor integration, where both the potential advantages and the need for careful validation of generalization
and consistency are emphasized.

In terms of architecture, hybrid KF+ANN models can be viewed as preserving the predict—update
logic of the filter with the introduction of a learnable module in one or more key steps. Most often, ANN
participates through:

* trainable calculation of the Kalman gain coefficient (e.g., K = g4 () );

* residual (additional) correction of the process/measurement model (e.g., x;41 = Fxj + Buy +
fo O ug) + wye orye = Hxye + G (%) + vic ); .

» adaptive weighting/gating when integrating estimates from different channels (e.g., f,fuswn =
XM+ (1= a)#N).

A representative example of a neural-assisted estimator with a Kalman structure is KalmanNet,
which integrates a learnable component into the recursive predict—update scheme for state estimation in
nonlinear systems and partially known models.

Within this subsection, hybrid KF+ANN solutions are structured into three main architectural lines
according to the role of the learnable component:

1. Recursive KalmanNet (R-KalmanNet) — a recursive neural architecture for estimation, oriented
towards trainable gain and quantification of uncertainty;

2. Dual-branch systems — parallel physical and neural branches with adaptive integration of
estimates;

3. KF for the linear component + ANN for the nonlinear/unmodeled part — residual model that
complements the analytical dynamics/measurement.

It is important to emphasize that hybrid methods aim to increase accuracy and robustness in model
mismatch and variable noise characteristics, but the consistency of uncertainty should not be assumed a
priori; it is verified by analyzing innovation sequences and standard statistical criteria (e.g., NIS/NEES),
especially in modes with degraded measurements and dead reckoning.

2.3.3. KF for linearity + ANN for nonlinearities.

This hybrid approach is emerging as one of the most robust and practical architectures in modern
UAV navigation systems. The idea is to divide the task into two conceptually different levels: linear
dynamics are handled by the classic Kalman filter, while nonlinear components and dependencies
that are difficult to model analytically are handled by a neural network. This fundamental compromise
between analytical rigor and trainable flexibility avoids the linearization errors of EKF (Jacobi) and/or the
difficult tuning/sensitivity of sigma-point approaches (UKF) in certain modes/high dimensions/non-
stationary noises.

This model is found in several variations in the literature. Some publications consider the neural
network as a corrective element that compensates for systematic errors, drift, or unidentified parameters of
the dynamic model. Such an example can be found in the work of Li (Li, Wang, Dong, & Ghinea, 2020) ,
where a recurrent architecture is used to compensate for nonlinear distortions in the process, while the basic
linear Gaussian model continues to be estimated using KF. The same idea is visible in Al-Sharman and his
team's work (Al-Sharman, etal., 2019) , where the authors demonstrate that a well-trained ANN can replace
analytical nonlinear functions and provide the KF with a more accurate "effective" estimate of the process
acceleration.

The role of KF here remains clearly defined: the filter ensures optimality in linear relationships and
Gaussian noise, helps stabilize the estimate, and is often more robust, even when ANN exhibits partial error
or insufficient generalization. The reverse role of the neural network is to provide the missing dynamic
dependencies that are not present in the analytical model. For example, the residual error between the
observed acceleration and the predicted acceleration from KF can be used as input to the ANN, which
predicts the nonlinear component and returns it back to the correction cycle.

Mathematically, the architecture is formulated through a modified process model:

Xpe1 = Fxp + Bug + fo (o we) + wy, (2.15)



where f5 is the trainable neural network that models nonlinear deviations from linear dynamics. In some
cases, a correction is also applied to the output:
Vie = Hxpe + G (i) + vy, (2.16)
where:
® y, is the vector of measurements (outputs) of the system at the discrete moment £;
e H is the matrix of the linear part of the measurement model that links the state to the
measurements;
Xy, is the vector of the system state at time ;
e Je(*) is a parameterized nonlinear function with parameters ¢, implemented through a
neural network, which models the nonlinear part of the measurement process;
e v, is the vector of measurement noise at time &, which accounts for sensor errors and
disturbances.

The parallel neural branch allows modeling unmodeled nonlinearities, temperature-dependent
drifts, and degraded quality measurements, which are typical for MEMS-IMUs. A number of studies on
GNSS/INS integration, including GNSS/INS Integration Methods (Angrisano, 2010) and Integrating INS
and GNSS Sensors to Provide Reliable Surface Positioning (Russell, 2012) , report a significant reduction
in cumulative (integration) error and increased resistance to sensor noise compared to standalone inertial
navigation. In scenarios with GNSS interruptions, hybrid approaches with artificial neural networks (ANN)
can help the filter maintain the consistency of estimates by modeling residual nonlinear deviations and
systematic errors that would otherwise lead to accelerated error accumulation in calculations.

This hybrid dual-channel architecture is relatively compact and retains the standard structure of the
Kalman filter (KF) (prediction—correction), with the dynamic model approximated by a neural network in
the prediction step, i.e., Xg+1 = fg(xg, ux). The integration of the estimates remains a separate, clearly
defined stage, which facilitates the analysis and tuning of the system. The architecture is compact and
suitable for implementation in MATLAB/Simulink, which is why it is appropriate for Chapter 3, where a
simulation model of a hybrid navigation system will be built.

One of the most critical issues in the actual implementation of a Kalman filter in navigation systems
is the selection of the process and measurement noise matrices. In the classical approach, the parametersQ
andR are determined manually based on laboratory data or through engineering assessment. In dynamic
operating environments—such as vibrations, temperature gradients, GNSS interference, or parasitic
interference on the IMU—these parameters cease to be constant. This leads to incorrect estimates and
compromises the optimality of the filter. Modern artificial intelligence methods provide a mechanism for
automatic, adaptive, and data-driven determination of noise characteristics, complementing the structural
advantages of KF with learnable models.

2.5. Reinforcement Learning for navigation — a comparative analysis.

The reinforcement learning (RL) paradigm offers a fundamentally different approach to the
navigation problem compared to filtering methods. While KF-based systems seek to estimate the current
state by modeling process and measurement noise, RL treats the task as an optimization problem of
behavioral policy. The goal is to learn a strategym(a | s) that maximizes long-term return, rather than
constructing an explicit estimate of the phase space.

The paper Continuous Deep Q-Learning with Model-based Acceleration (Gu, Lillicrap, Sutskever,
& Levine, 2016) explores methods for training agents in continuously controlled spaces, which is
particularly important for UAVs, where control is not discrete. The authors show that the combination of
model-based simulation dynamics and deep Q-learning accelerates convergence and reduces the need for
experimental flights.

Furthermore, in Liaq and Byun (Liaq & Byun, 2019) , the practical aspects of RL for UAVs are
examined—particularly the impact of partially observable environments, sensor errors, and dynamic
obstacles. The results show that RL policies can outperform the classical navigation approach in complex
conditions where the model is uncertain or incomplete.

However, RL has limitations. Policies are often difficult to interpret, require a large number of
simulations, and their stability under real-world disturbances is not always guaranteed. It is important to
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emphasize that RL does not replace Kalman filtering, but rather can complement it in high-level control
tasks where target movements and maneuvers are learned through policy, while low-level state estimation
remains the responsibility of KF/ANN models.

A comparative analysis of KF, ANN, and RL approaches to UAV navigation is provided in Table
21 in the appendix to the dissertation.

2.6. CONCLUSIONS FROMCHAPTER 2.

1. Neural architectures offer advantages over classical analytical models in a number of UAV
navigation scenarios involving nonlinear dynamics, non-stationary noise, and partial
observability, especially when model uncertainty is difficult to describe analytically. In this
context, recurrent neural networks of the RNN, GRU, and LSTM types model temporal
dependencies and accumulate context over time, which is critical in navigation tasks with drift
in estimation and accumulating errors in computation.

2. The LSTM neural network allows modeling of long-term dependencies and is applicable to
highly nonlinear processes. In the presence of uneven time intervals and sporadic observations,
it is necessary to explicitly take into account the time scale, as continuous-time approaches such
as Neural ODE/Neural SDE provide a natural formulation for such regimes.

3. A review of the literature on state estimation and motion prediction shows that LSTM models
achieve good generalization between simulated and real trajectories with appropriate training,
validation, and control of differences between the simulated and real environments.

4. Combining Kalman filtering (KF) with artificial neural networks allows for the preservation of
structured sensor data integration and probabilistic interpretation of the estimation, provided that
the noise characteristics are correctly modeled and calibrated.

5. Neural models within KF architectures compensate for inaccuracies in the dynamic model (e.g.,
by modeling residual deviations) and assist in adapting to non-stationary noise, e.g. by
estimating/adapting the matrices of covariance of the process and measurement noiseQ and R ,
as well as by detecting anomalous measurements (outliers) that deviate significantly from the
expected behaviour of the sensors.

6. The analysis in this chapter justifies the choice of an integrated navigation model in which the
transition function (dynamic model) of the filter is parameterized by an LSTM network, trained
with sensor data and simulation trajectories, with the uncertainty of the model represented by
estimation/adaptation of the process noise.

CHAPTER 3.

DESIGNING AN INTEGRATED NAVIGATION SYSTEM IN MATLAB/SIMULINK.

This chapter presents the process of designing, modeling, and simulating an integrated navigation
setup for an unmanned aerial vehicle in the MATLAB/Simulink environment. Based on the theoretical
concepts from Chapter 1 and the approaches developed in Chapter 2, an integrated simulation model is
constructed that implements joint processing of inertial and satellite (GNSS) measurements within a
Kalman filter framework, assisted by a neural process predictor. The developed system demonstrates a
hybrid approach in which the classical EKF is combined with a deep recurrent LSTM network used as a
process model in the prediction step of the filter.

In this experimental setup, MATLAB/Simulink is used as an integration platform providing
mathematical modeling, visual block implementation, and simulation of sensor streams. Blocks
representing IMU, GNSS, and measurement noise, as well as an EKF module for state estimation. A neural
block trained in MATLAB using Deep Learning Toolbox has been added, which acts as a nonlinear
predictive operator for the process dynamics in the prediction step.

The constructed model allows a direct comparison between the results obtained through the
analytical process model and those generated by the neural approximation under identical input conditions.
This provides an experimental basis for quantitative analysis of the accuracy and robustness of the
estimation under different noise profiles and temporary loss of GNSS signal.
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The following sections present the conceptual architecture of the system, the mathematical model
of the processes and measurements, the parameterization of the noise, and the integration of the LSTM
network into the Kalman filtering cycle. Special attention is paid to the implementation in the Simulink
environment, where the individual components are arranged in a block structure that allows for sequential
testing and visualization of the results.

3.1. Mathematical model of the system.

The mathematical modeling of the integrated navigation system aims to describe the relationship
between the motion of the aircraft, the measurements from the inertial sensors and external observations,
as well as the influence of noise processes. The developed model is formulated in such a way that it is both
compatible with the simulation environment in MATLAB/Simulink and adaptable to the neural architecture
used for state prediction via an LSTM predictor.

The mathematical model is based on the classical structure of inertial navigation systems, including
a dynamic equation for state evolution, a measurement equation for describing observations, a noise
model for simulating sensor imperfections, and an Extended Kalman Filter (EKF) as a standard method
for state estimation.

The dynamic model of the system describes the relationship between the state vector and the control
actions. For the purposes of integrated inertial navigation, a six-dimensional state vector is assumed:

X, = [px Py Pz VUx Uy 172]7‘, 3.1
where p,, py, p, are the position coordinates, and vy, v, v, are the velocity components in an inertial frame.
u,, are determined by IMU/sensor data:
U, = [ax ay Ay Wy Wy wz]T, (3.2)
where a; and w; are the designed accelerations and angular velocities; in this simplified model, it is assumed
that the accelerations aj, are pre-converted to the inertial frame (or equivalently, that the body and inertial
frames coincide), so w; does not participate in (3.3).
The dynamic equation in discrete form is formulated as follows:

1
[pk + v At + EakAtz
v + apAt

Xi+1 = fayn (X, Uy, AL) = 1+ wyg, 3.3)
where:
e xk+ is the state vector of the system at the discrete moment k+/;
e xk is the state vector at time k;
e fayn (*) is the dynamic function of the process model, which describes the evolution of the
state for the interval At;
uk is the vector of control inputs at time £;
At is the time interval between two consecutive discrete moments;
px is the position vector at time £;
vk is the velocity vector at time ;
ak is the acceleration vector at time k;
wk is the vector of process noise that models unmodeled dynamics and external influences;
[] denotes the vector form of the process model, including the equations for position and
velocity.
In Simulink, this model is implemented through the MATLAB Function block f_dyn, which accepts
the current state Xy, , the control vector uy , and the time step Ty = 0.01 s , calculating X 4.
In parallel with this, the neural model is also integrated into the system:
Riv1 = frsrm(Kempe1 0 X [Weopgns o WD), 3.4)
where:
e Xi+ is the predicted estimate of the state vector at the discrete moment k+1;
e fustm (¢) is a nonlinear function implemented through an LSTM neural network that models
the dynamics of the system based on sequential data;
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® Xk-L+, ..., X_k are the state vectors for the previous L discrete moments forming the input
time sequence;
Uk-L+ , ..., U_K are the control input vectors for the corresponding L discrete moments;
L is the length of the look-back window used by the LSTM network to extract temporal
dependencies.

The model represents a nonlinear approximation of the dynamics through the trained deep recurrent
network. The two models—the analytical and the LSTM—are structurally identical in terms of input-output
connections and allow for a direct comparison of performance.

The measurement equation describes the relationship between the observed quantitiesz; and the
true state X,. The integrated navigation system combines data from GNSS and IMU, with GNSS providing
absolute coordinates and IMU providing relative velocity changes.

In general, the measurement equation is written as follows:

Z = h(Xg) + Vi, (3.5)
where vy, is the measurement noise vector. When linearized around the current state:
px UX
2 =[Py ]+ [V ]At + vy, (3.6)
pZ UZ

where:

zx is the vector of measurements at the discrete moment £;

Px , Py , Pz are the components of the position vector along the respective axes of the
coordinate system;

vx , Vy , V2 are the components of the velocity vector along the respective axes;

At is the time interval between two consecutive discrete moments;

[-] denotes the vector form of the measurement model;

vk is the vector of measurement noise at time k, which accounts for sensor errors and
disturbances.

The result corresponds to the outputs from the gPos block in the Simulink model.
GNSS noise is modeled by a diagonal dispersion matrix R = diag(1.52,1.52,2.0%), where the vertical
component has twice the dispersion of the horizontal components. These values are implemented in the
block *diag([1.5 1.5 2.0])u, which ensures realistic behavior of the navigation measurements.

The measurement equation in the LSTM branch is equivalent, but the forecast Xy, is fed as input
to the same observation mechanism. This ensures full comparability between the two models and identical
processing of the measurements.

Noises in the system are divided into two main types — process noise and measurement noise.
Their modeling is essential for realistic simulation and for the correctness of the training data used by the
LSTM predictor.

The process noisew,, reflects the uncertainty in the dynamics and is modeled as a Gaussian
distributed  vector with zero mean and covariance matrix Q: w, ~N(0,Q),Q =
diag(0.012,0.012,0.022,0.012,0.012,0.01%). This noise is introduced through the nAcc and nGyro
blocks, which generate random signals with variance specified by the Gace and Ggyro matrices.

The measurement noisev; is applied to the outputs of the GNSS block gPes, with diagonal
coefficients 1.5, 1.5, and 2.0, which creates a vertical error twice as large as the horizontal one.

In combination, these noises provide an approximation of the real conditions when operating inertial
and satellite navigation systems, including the influence of sensor drifts and imperfections.

Noise processes are also key in training the LSTM network. Since the training data is generated
from a simulation containing realistic noise, the neural network learns the statistical dependencies between
measurements and hidden states even in the presence of stochastic deviations. This provides better
generalization when used in experimental simulation.

To validate the dynamic model, an extended Kalman filter (EKF) has been implemented, which
provides optimal state estimation under conditions of nonlinearity and noise. The EKF combines the
forecast from the model f3,, with observations from the measurement subsystem, minimizing the mean
square error through successive iterations of prediction and correction.
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The algorithm consists of two stages:
(1) Prediction:
Rppk-1 = fdyn(ﬁk—llk—liuk—l)' 37
Peik-1 = FiPr-1-1F¢ + Quo ’

where Fj, = Z—i is the Jacobian of the dynamic model.

(2) Correction:
Ky = Pt Hi (HicPie—1H, + R ™Y,
Rik = Rige-1 + K (2 — RRpjpe-1)), (3.8)
P = (I — KieHye) Prejie—1,

oh . . .
where Hy, = Pt the observation matrix.

In the context of the simulated model, EKF is applied to the results of the f_dyn block, serving to
evaluate the accuracy of the dynamic model and confirm the stability of the calculated states. Since the
LSTM model has no analytical form, its inclusion in the EKF is considered as a nonlinear black box whose
partial derivatives can be approximated by numerical methods.

The combination of EKF and LSTM model opens up prospects for hybrid filters, in which the
neural network replaces the function fy,, , and the classical EKF framework provides correction against
measurements. Thus, the system can combine trainable nonlinear dependencies and statistically optimal
state estimation.

3.2. Conceptual architecture of the integrated system.

The conceptual architecture of the integrated navigation system is based on the principle of
combining classical algorithms for filtering and state estimation with artificial intelligence methods for
nonlinear modeling of dynamics. The system includes interacting subsystems for measurement, processing,
and prediction, implemented in MATLAB/Simulink, which reproduce the main functional modules of the
onboard navigation complex of an unmanned aerial vehicle.

At a conceptual level, the architecture consists of three main layers. The first layer contains the
sensor subsystem, including an inertial measurement unit (IMU) and a GNSS receiver, modeled by linear
and angular acceleration blocks, as well as the corresponding noise processes. The second layer is the
integrating navigation filter based on an extended Kalman filter (EKF), which combines data from different
sources and estimates the current state of the aircraft. The third layer implements the neural predictor—a
deep recurrent LSTM network that replaces the analytical dynamic model in the predict part of the filter.

The connections between these subsystems are organized so that the outputs of the IMU and GNSS
blocks are fed to the EKF, which uses a recurrent structure and neural prediction to provide updated values
for position and linear velocity. MATLAB/Simulink is used as an integration platform, allowing
simultaneous simulation of physical processes, estimation algorithms, and trained artificial intelligence
models within a single block model (Figure 23).

Sensor Layer Integration Layer

Wace Wyro Al Layer

[T i3 f(x,u)F
IMU Xi+1k LSTM
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Zy Predictor)
GNSS h(x) |‘

X

Figure 23. Conceptual architecture of the Integrated Navigation System.
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3.2.1. Sensors: IMU, GNSS, noises.

The simulated integrated navigation system is based on a sensor layer model that reproduces the
operation of the inertial measurement unit (IMU) and the satellite navigation system (GNSS). These two
sources of information provide, respectively, a high measurement frequency but with cumulative error, and
a low frequency with absolute correction, which is the classic principle of integration in INS/GNSS
systems. In this simulation, this layer is implemented in MATLAB/Simulink through a combination of
functional blocks describing the dynamics of accelerometers, gyroscopes, and position sensors, as well as
the corresponding noise processes, modeled stochastically.

IMU model

The inertial measurement unit consists of three accelerometers and three gyroscopes that measure
linear and angular accelerations along the three axes of the device body. In Simulink, they are represented
by two separate channels—Gacce and Ggyro—each implemented with a diagonal matrix for scaling the
signals. The accelerometer model is described by the expression:

The accelerometer model is described by the expression:

Ay = Gace Agrye + Ngee 3.9
where:
a,, is the measured acceleration;
Gy = diag([0.2,0.2,0.3]) is the sensitivity matrix;
A4rye 18 the actual acceleration;
n,is the added noise.

The gyroscope model is analogous:

Wy = Ggyro Werye + Ngyro, (3.10)
whereGy,, = diag([0.01,0.01,0.02]).

In Simulink, these expressions are implemented using Gain (Gacc, Ggyro) and Sum (sumAcc,
sGyro) blocks, which sum the real signal and noise components supplied by the nAce and nGyro sources.

The noise processes are modeled as white Gaussian noise with zero mean and standard deviation
corresponding to the actual characteristics of MEMS sensors. In the simulation, a root mean square
deviation ofg,.. = 0.2m/s* anda,y,, = 0.01rad/s is specified.

GNSS model

GNSS positioning is implemented through the gPos block, which simulates satellite navigation
measurements as a linear combination of the actual position and added measurement noise. The
mathematical model is set as follows:

Pm = Gpas Ptrue + Myos, @3.11)
whereGy,,s = diag([1.5,1.5,2.0]) specifies the scaling of the error along the three coordinate axes, andn,,,g
is the pseudorange noise simulating the inaccuracy of the GNSS solution.

This model reflects the realistic dynamics of GPS/GLONASS systems in low-altitude UAVs, where
the vertical error is typically twice as large as that on the horizontal axes. In the time domain, the GNSS
block generates discrete measurements with a sampling rate ofTy = 0.01s , which corresponds to a
frequency of 100 Hz.

Noise integration

Noise sources are introduced separately for each sensor group and are fed through signal lines that
enter the respective summing blocks. This allows for the controlled introduction of different types of
interference — both additive (white noise) and multiplicative (varying amplification coefficients).

During the simulation process, these noises ensure realistic behavior of the sensor layer, which in
turn allows for adequate training and testing of the LSTM model. It is precisely through the combination
ofa real dynamic model and stochastic components that a balanced scenario is achieved, in which the neural
network is trained to predict the state under conditions of uncertainty similar to those in real flight.

Figure 24 schematically shows the integration of sensors and noise in the model.
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Figure 24. Block diagram of the integration of sensors and noise in the model.

3.2.2. Block diagram in Simulink.

The purpose of the model developed in MATLAB/Simulink is to implement an experimental
environment for simulation and comparison between the classical process model of dynamics f3,,, and the
neural forecast figrp. This setup aims to evaluate the effectiveness of the LSTM architecture as a
replacement for the traditional analytical description of motion in an integrated inertial navigation system
(INS).

The ins_baseline.slx model, shown in Figure 25, is structurally divided into three main subsystems:

1. sensor subsystem;
2. process model;
3. neural predictor, connected by logical and numerical data flows.

Figure 25. Block diagram of the model with Simulink in Matlab.

At the heart of the system is the f_dyn block, which implements the mathematical model of motion.
It calculates the next state Xy41 = fayn (Xk, Uy, dt), where the inputs are the current statex;, , the vector of
control actionsuy, , and the time discretizationdt = 0.01 s.

In parallel with the classical prediction stage of the Kalman filter, the nn_predict_Istm block is
integrated into the simulation model, which implements the use of a pre-trained LSTM-type recurrent
neural network stored in the Istm_dyn.mat file. The network was pre-trained offline in the MATLAB
environment with the aim of identifying an effective nonlinear dynamic model of the unmanned aerial
vehicle to replace the analytical model in the prediction step of the Kalman filter.

The choice of pre-training rather than online adaptation was dictated by several practical and
methodological considerations. On the one hand, training LSTM networks is a computationally intensive
process that requires multiple iterations and stable optimization, which makes it unsuitable for direct
integration into the real-time filtering cycle. On the other hand, pre-training allows the network to be
exposed to a wide range of dynamic modes and disturbances that would be difficult to encounter in a single
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experiment or flight. This results in better generalization ability and higher forecast robustness in real-world
operation.

The training dataset is generated by simulating a reference dynamic model of the UAV in
MATLAB/Simulink. A variety of trajectories and control modes are used, including straight-line motion,
acceleration and braking maneuvers, as well as combined linear and angular motions. Additive noise and
disturbances corresponding to realistic characteristics of MEMS inertial sensors were added to the
simulated data in order for the network to learn not an idealized but an "effective" dynamic model, including
both nominal dynamics and typical system deviations.

The input to the LSTM network is organized as a sequence of vectors containing normalized values
of the estimated state x and the control vector u for the last L discrete time moments. The normalization of
the input data is performed relative to the statistics of the training set (mean and standard deviation), which
is standard practice in training recurrent networks and contributes to numerical stability and faster
convergence of the training algorithm. In this way, the network operates with scale-comparable inputs,
regardless of the physical dimensions of the individual components of the state and control.

The output of the LSTM network is defined as a one-step forecast of the six-dimensional state
Xk+1k- The choice of a one-step forecast is deliberate and closely related to the integration of the network
into the Kalman filter structure. Kalman filtering works iteratively, performing forecasting and correction
at each discrete step. The use of a single-step prediction model ensures compatibility with this structure and
limits the accumulation of errors characteristic of multi-step neural predictions, where small deviations can
amplify over time. In this way, the LSTM network replaces the analytical transition function f(-) without
disrupting the recursive nature of the filter.

The six-dimensional state was chosen with a view to balancing informativeness and numerical
stability of the filtering process. In the simplified model under consideration, the six-dimensional state
includes the position and linear velocity of the UAV in an inertial frame. This choice allows the LSTM
network to directly model the dynamics of motion without introducing unnecessary states that would
complicate training and increase the risk of overfitting. At the same time, the six-dimensional state is
informative enough to reflect the main nonlinear dependencies between control, inertial effects, and the
kinematic response of the system.

During the simulation, the nn_predict_Istm block maintains a sliding window over a buffer of the
last L input vectors. At each discrete step, this window is updated, after which the LSTM network performs
a one-step state prediction Xy41)x. The resulting prediction is used directly in the prediction step of the
Kalman filter, thus replacing the analytical model of the dynamics with a learnable, data-driven model. The
correction step of the filter remains unchanged, which ensures statistical consistency and allows for
effective combination of the neural forecast with sensor measurements.

The Manual Switch plays a key role in the architecture—it selects which model is used to calculate
the forecast state. In the "up" position, the system uses the dynamic model f;,,, , and in the "down" position,
it uses the LSTM predictor. This allows for immediate comparison between the two approaches with
identical input influences and initial conditions.

The selAcc block feeds the selected measurements from the accelerometers, while selGyro provides
the signals from the gyroscopes. Their outputs are fed to the corresponding noise generators nAce and
nGyro, whose purpose is to introduce a stochastic component simulating the imperfections of real MEMS
sensors. These noises are amplified by sensitivity matrices (Gace, Ggyro) and summed with the
corresponding real signals by the sumAcc and sGyro blocks.

The resulting signals represent realistic measurements of the inertial platform and are combined
into a six-component VeCtor Uyy;sy , Which is fed simultaneously to both models—the dynamic and the
neural ones.

At the output of the f dyn and nn_predict_lIstm blocks, the new state X,,,; is formed, which is
recorded in the corresponding logs out.log_x_f and out.log_x_nn. The log out.log_x stores the reference
"true" state, and the difference between the predictions and it is used to evaluate the effectiveness of the
two models.

GNSS position measurements are performed by the gPos block, which contains a diagonal noise
matrix diag([1.5,1.5,2.0]), with the vertical error being twice as large as the horizontal error. These
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measurements are combined with the results from the INS block in sumPos to form the mixed vectorzy, ,
corresponding to the actual integrated navigation.

The code in train_Istm.m and nn_predict_Istm.m implements the methodology for training and
integrating the neural network in Simulink. The training is based on pre-prepared sequences [xy, u,] =
X+ that reflect the dynamics of the device in noisy conditions. The neural architecture includes an input
layer of 12 features, a hidden LSTM layer with 64 neurons, and a regression output layer of 6 parameters
corresponding to the state vector.

After training, the network is exported to the Istm_dyn.mat file, which is loaded during simulation
by nn_predict_Istm.m. This file also stores the normalization parameters (i, o, Uy, oy ), which ensure
data compatibility between MATLAB and Simulink environments (the parameters are described inError!
Reference source not found. of the application).

During real-time simulation, the MATLAB Function block nn_predict_Istm calls the predict()
method of the trained network and returns a one-step forecast. This integration provides a closed loop
between machine learning and physical simulation — an important principle in the study of autonomous
systems.

This architecture was chosen to allow parallel operation of two independent process models—
classical and neural—with full input and output compatibility. The switch serves as an experimental
mechanism for evaluating the stability and accuracy of the LSTM model compared to the analytical
dynamic model.

The system allows for:
comparison of dynamic trajectories under identical conditions;
calculation of errors in real time using the RMSE criterion;
visualization of statesx, y, z in three-dimensional space;
assessment of stability in the presence of noise disturbances.

3.2.3. Integration of the LSTM predictor.

The integration of the LSTM predictor into the MATLAB/Simulink environment implements the
transition from an analytical description of the dynamics to a machine-learning model. The main goal of
this integration is to create a hybrid simulation platform in which the neural network takes on the role of a
process model fy,,, , predicting the state of the system based on time sequences of state and control vectors.

Training is performed with the Adam optimizer, 35 epochs, and a mini-batch size of 128. The
Adam (Adaptive Moment Estimation) algorithm is a stochastic gradient descent method that has become
the standard in training deep recurrent architectures. The choice of this optimizer is dictated by its ability
to dynamically adapt the learning rate for each individual model parameter, based on estimates of the first
and second moments of the gradients.

Unlike classical stochastic gradient descent (SGD), where the learning step is fixed for all weights,
Adam combines the advantages of the AdaGrad (Adaptive Gradient Algorithm) and RMSProp (Root
Mean Square Propagation) methods. The algorithm maintains exponentially decaying averages of past
gradients (analogous to inertia) and their squares (analogous to non-centered variance). This allows for
effective navigation on the error surface, accelerating convergence in "flat" areas and preventing sharp
oscillations in steep directions — a critical advantage when training LSTM networks on noisy sensor data.

The hyperparameters of the training process are tuned empirically to achieve a balance between
convergence speed and generalization ability:

o Duration: Training is conducted over 35 epochs, which provides sufficient iterations to minimize
the loss function without overfitting.

e Mini-batch size: A size of 128 examples is used. This volume provides a sufficiently accurate
stochastic estimate of the gradient, reducing noise when updating the weights, while allowing for
efficient parallelization of calculations on the graphics accelerator (GPU).

The output model Istm_dyn.mat contains both the trained parameters and the normalization
coefficients, ensuring compatibility between the training and simulation environments. Figure 26 shows
the normalization graph during model training.
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Figure 26. Model training graph in Mathlab Simulink.
After training, the model is integrated through the MATLAB Function block nn_predict_lIstm,
which is called in each time cycle by Simulink.

After the simulation experiments are completed, the generated data arrays are subjected to post-
processing and analysis in the MATLAB software environment. The validation methodology includes
calculating the root mean square error (RMSE) as an objective quantitative criterion for accuracy, as well
as comparative visualization of the estimated trajectories against the ground truth.

After correcting the configuration of the simulation model and repeating the experiments, a change
in the behavior of the LSTM predictor is observed, which is consistent with its correct integration into the
prediction step of the Kalman filter. The correction consists of changing the way the neural model is
included in the prediction step, with the switch in the simulation scheme configured so that the LSTM
output participates directly in the calculation of the a priori state estimate instead of the analytical dynamic
model. This implements the envisaged LSTM+KF hybrid structure, in which the neural model acts as a
predictor and the measurements are used in the correction step of the filter.

The results indicate that the high error observed in the initial tests was significantly influenced by
incorrect integration/configuration of the neural model in the LSTM+KF hybrid structure. When correctly
configured, the neural model reproduces the dynamics of the system more adequately than the incorrect
operating mode.

However, as shown in Table 8, in the final comparison between the two approaches, the analytical
dynamic model f dyn demonstrates higher accuracy in the scenario under consideration. For example, for
the sixth state component (State 6), RMSE_f dyn =0.0031 is reported, while for LSTM, RMSE_LSTM =
0.2652. A similar trend is observed for the other components, which shows that under the given conditions,
the analytical model maintains significantly higher accuracy.

Table 8. Statistical assessment of the accuracy of the two models.

State RMSE_f_dyn RMSE_LSTM
1 0.002 0.19
2 0.0037 0.3839
3 0.0054 0.6107
4 0.0011 0.1344
5 0.0021 0.1448
6 0.0031 0.2652

Source: MathLab simulation in the application console.

The results emphasize that the LSTM approach should not be considered a direct and universal
replacement for the analytical dynamic model, but rather a complementary tool whose effectiveness
depends on the configuration, operating mode, and specific scenario. In conditions where the physical
model is well defined and the system does not exhibit pronounced non-standard behavior, the model-based
predictor remains more reliable in terms of accuracy.
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Figure 27 shows the dynamic behavior of the two models. With a sufficient amount of training data
and a correctly set buffer, the length of the LSTM window provides a forecast that follows the actual
trajectory with minimal phase shift.
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Figure 27. Graph comparing the trajectof& of the synthetic data and the LSTM model.

Table 22 in Appendix 1 to the dissertation presents all training parameters and model performance.
The integration of the LSTM predictor into Simulink demonstrates the possibility of creating a hybrid
navigation system in which machine learning not only imitates but also partially replaces the analytical
equations of motion. The developed system allows for an experimental comparison of the two paradigms—
classical and neural—under identical conditions, which represents a significant contribution to the field of
intelligent INS architectures.

3.3. CONCLUSIONS FROMCHAPTER 3.

1.

The proposed model, implemented in MATLAB/Simulink, combines the recursive mechanism
for integrating sensor data (predict—update) of Kalman filtering with data-based modeling of
process dynamics through a deep recurrent network, with the LSTM-based process block
functioning as an alternative to the analytical process model in the prediction step, the
correction step remaining within the framework of the filtering algorithm, the neural and
filtering modules operate on a unified time basis with consistent interfaces and dimensions of
the input-output signals.

In the simulation scenarios considered, the model runs without numerical anomalies (invalid or
incorrect numerical values) at the output of the neural block, with a protective check for invalid
values in the LSTM forecast. For the scenario under consideration, the results in Table 8 show
an RMSE for f3,, in the range 0.0011 - 0.0054 by component, and for LSTM - 0.1344 - 0.6107,
which characterizes an order of magnitude difference between the two process predictors under
the given experimental conditions.

In the experimental comparison of the analytical process model fz,, and the process predictor
implemented with a recurrent neural network of the LSTM type, as single-step predictors of the
six-dimensional state (position and linear velocity), the obtained RMSE relative to the reference
state show a significant difference in accuracy under the given conditions, withfy,, giving
values of the order of 10 and LSTM giving values of the order of 107! for the components
(Table 8).

The simulation results obtained justify the need for additional validation under different motion
profiles and conditions, including parameter variations, temporary loss of measurements, and
discrepancies between simulation and real data.
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CHAPTER 4.
EXPERIMENTAL INVESTIGATION OF THE PROPOSED NEURAL-ENHANCED
INTEGRATED NAVIGATION SYSTEM.

4.1. Description of the experimental environment.

The simulation experiments were conducted in the MATLAB/Simulink development environment
using the tools from MATLAB and Simulink Student Suite. The package includes MATLAB, Simulink,
and ten widely used additional libraries that provide the necessary set of tools for numerical simulation,
time series processing, prototyping, and direct model execution on low-budget hardware. This
configuration provides a functional environment for building, testing, and optimizing the hybrid navigation
model, which combines classical Kalman filtering with an LSTM-type neural architecture.

The simulations were performed on a system with x64 architecture running Windows 11 Pro
(Version 25H2, build 26200.7623). The hardware platform includes an Intel(R) Core(TM) i7-14700HX
(2.10 GHz) processor with a clock speed of 2.10 GHz and 32 GB RAM, which allows simultaneous
execution of complex MATLAB tasks, neural network optimization, and real-time visualization of the
Simulink model results (Fig. 25, Chapter 3). The available RAM provides sufficient resources for
processing large time series, including synthetically generated IMU data and noise profiles, without any
performance limitations. The operating system and its computing resource management devices contribute
to stable behavior during prolonged experiments, including neural training in mini-batch mode.

The experimental data consists of sets of synthetic and realistically modeled IMU measurements
with three-axis accelerations and angular velocities, which are generated to represent the nonlinear
dynamics characteristic of small unmanned aerial vehicles. The input signals include control actions,
acceleration profiles, yaw rate, maneuvers, and altitude changes. The data is structured as time series with
sampling corresponding to a real IMU (100-200 Hz), which allows effective testing of the LSTM block
under various stability and disturbance scenarios.

The simulation environment allows for controlled setting of noise models, including white Gaussian
noise, temperature-dependent drift, bias instability deviations, and a random walk model. These parameters
are implemented in MATLAB through stochastic processes to approximate the real behavior of MEMS
IMUs. Separate test scenarios also include artificially amplified disturbances associated with high-
frequency vibrations, which often impair the accuracy of gyroscopes during dynamic maneuvers.

An essential aspect of the experimental setup is the modeling of GNSS losses and degradations. A
module for simulating GNSS dropout has been configured in Simulink, including complete loss of position
measurements for intervals of 5 to 40 seconds. In parallel, a GNSS noise model with spectral characteristics
that mimic jamming and multipath effects typical of urban canyons or electronic interference has been
included. This allows the hybrid model's resilience to deviations in dead-reckoning mode to be investigated
and an assessment to be made of whether the neural block successfully compensates for the structural
weaknesses of the classical process model.

The experimental environment settings allow for multiple replay of test scenarios and sensitivity
analysis on parameters. MATLAB offers built-in tools for error analysis, trajectory visualization, and
automatic calculation of indicators such as RMSE, innovation covariance, and convergence rate. This
integrated approach allows for a detailed evaluation of the hybrid architecture before moving on to the
complex simulation of the fully integrated navigation system in the following sections.

4.2. Scenario 1: Normal conditions.
The present experiment aims to evaluate the behavior of the standard Extended Kalman Filter
(EKF) and the proposed LSTM-enhanced Kalman filter (LSTM-KF) under normal driving conditions,
without sensor failures and at nominal noise values in the accelerometer, gyroscope, and GNSS module.
The experimental environment is implemented entirely in MATLAB/Simulink, with the block diagram of
the model corresponding to that described in section3.2.2 , and the dynamic model and measurement
equations formulated according to section3.
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4.2.1. Methodology.
The generated data set X;0(t), U(t), and Z(t) describes the movement of the unmanned system
in a flat trajectory with gradually increasing speed and a constant time discretization interval At = 0.01 s.
The data was used for two independent simulations:
1. EKF with analytical model (f_dyn) — the discrete equation of motion is used to predict the state:
Xpet1 = fayn(Xp, Uy, Ab), 4.1)
implemented in the fdyn_step.m script (see Appendix).

2. EKF with neural predictor (LSTM-KF) — instead of the analytical model, a trained recurrent
neural network is used, implemented through the nn_predict_Istm.m function (see Appendix). The
network is trained using the train_Istm.m script (see Appendix) on sequences of length L = 20 ,
with inputs [X; U] and target output Xy, ;.

The same initial conditions and noise parameters were used for both variants Q =
diag (0.01,0.01,0.02,0.01,0.01,0.01), R = diag (1.5%,1.52, 2.02).

4.2.2. Results for EKF with analytical model.

Figure 28 shows the time dependencies of the coordinatep, and the corresponding EKF error. Stable
convergence and a small amplitude of fluctuations around zero are observed, which indicates adequate
functioning of the filter with a correctly set dynamic model.

Awnanwruen mogen - EKF
200 . ‘

peis wa EKF 10 e

il h‘ ”‘ H\ )
W\ M ” M W ”M *“Sr\ﬁ w“» /”u"" M m,w”’» m"u \

fpewka py

03
] 10 20 a0 50 60
t [5]

Figure 28. Dynamics of the position and error in EKF with analytical model (f_dyn).

Table 9. Root mean square error (RMSE) of the EKF by state under normal conditions.
State RMSE_KF

0.0906
0.0906
0.1203
0.0752
0.0752
0.0741

U [h Lo~

The average value (Table 9) of the total error RMSEyr oyerqn = 0.087656667 confirms high forecasting
accuracy in the absence of nonlinear effects and dynamic disturbances.

4.2.3. Results for LSTM-KF.

Figure 29 illustrates the results when using the LSTM predictor. In this scenario, the neural network
reproduces the dynamics of the system trained with data from the Simulink model without direct knowledge
of the physical equations. Although the shape of the trajectory follows the trend of the real one, there is a
systematic lag, which leads to an accumulation of negative error.
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Figure 29. Position dynamics and error in EKF with LSTM predictor (LSTM-KF).

Table 10. Root mean square error (RMSE) of LSTM-KF by state under normal conditions.
State RMSE_LSTM
57.537

114.970

171,980

3,398

5,528

8.813

s |wof—

The total mean error is RMSE; g7y, operan = 87.77 , which is significantly higher than that of the
classical EKF (Table 10). The main reason is that the LSTM predictor is trained on a limited set of data and
no additional real-time denormalization is performed, which leads to an underestimation of the acceleration
and, consequently, to a cumulative positional error.

4.2.4. Comparative analysis.

Figure 30 shows the three-dimensional trajectory of motion for the two filters and the reference
model. The EKF (cyan) practically coincides with the actual trajectory (white line), while the LSTM-KF
(red line) follows a similar shape but with a distinct systematic shift along the Y and Z axes.
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Figure 30. Comparison of the trajectorie of EKF and LSTM-KF under normal conditions.

Analysis of the results shows that under nominal conditions and stable dynamics, the classical EKF
achieves significantly higher accuracy thanks to the accurate physical description of the system. The
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LSTM-enhanced filter, although demonstrating correct behavior of the velocity components, requires
additional training and optimization of the normalization coefficients to achieve comparable performance.

Nevertheless, the experiment proves the functional compatibility of the neural predictor with the
EKEF structure and creates prerequisites for subsequent scenarios in which the dynamics model is disrupted
or GNSS measurements are absent. It is precisely under these conditions that the LSTM component is
expected to demonstrate its advantage, compensating for the uncertainty in the system model.

4.3. Scenario 2: Loss of GNSS/DR mode.

This experiment models a situation in which the onboard integrated navigation system loses GNSS
observations for a certain time interval (t = 10-40 s), switching to Dead Reckoning (DR) mode. The goal
is to analyze the ability of the two approaches—standard Kalman filter (EKF) and neural-enhanced LSTM-
KF—to maintain accuracy and stability of estimates in the absence of external corrections.

The GNSS measurements recorded in the out.log_z array are artificially reset to zero in the specified
interval, simulating a real loss of satellite signal. In the EKF algorithm, the prediction is reduced to a pure
state prediction using the dynamic model f_dyn, while in the LSTM-KF, the prediction is performed by the
neural network nn_predict Istm, trained on sequences of sensor data. This architecture allows the use of
the network's memory as a substitute for the missing GNSS information.

Figure 31 shows the time evolution of the coordinatep, and the corresponding error for the two
filters. It can be seen that the EKF (cyan line) shows an increasing deviation, reaching approximately 80 m
at the end of the GNSS signal loss, while the LSTM-KF (red line) keeps the estimate practically coinciding
with the actual trajectory. After the satellite data is restored at t > 40 s, the EKF slowly reduces its error,
while the LSTM-KF has already stabilized around the actual state.
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Figure 31. Time series of the position px and errors in px during GNSS loss in the interval 10—40 s
for EKF and LSTM-KF.

The quantitative comparison at complete GNSS loss is performed using the root mean square error
(RMSE), calculated separately for the six components of the state vector, as well as using an aggregate
metric for the entire vector (Combined RMS). Table 11 presents the results for the baseline EKF/KF filter
and the LSTM-KF hybrid approach.

Table 11. RMSE of EKF/KF and LSTM-KF at GNSS loss.

State | RMSE KF-DR | RMSE LSTM-DR
1 26.69 0.2
2 53.09 0.396
3 79.62 0.632
4 3.33 0.136
S 6.67 0.148
6 10.02 0.27
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The combined error (Combined RMS) for the entire state vector is:
RMSE KF-DR = 40.8783
RMSE LSTM-DR = 0.34478
The metric is calculated by quadratically averaging the components RMSE ;e

1
Combined RMS = \/;Z RMSE?, n =6, “2)

which places greater weight on components with larger deviations.

The values in Table 11 show that the hybrid architecture (LSTM-KF) achieves lower RMSE in
all six states and reduces the Combined RMS compared to the classic EKF/KF architecture (40.878 —
0.345). During prolonged absence of GNSS signal, the hybrid filter limits the increase in error compared
to the baseline approach, where the absence of external correction leads to accumulation of inertial errors
and drift.

After the GNSS signal is restored, LSTM-KF returns to nominal mode within one or two update
cycles, without significant transitional deviations in the estimate. In comparison, the basic filter exhibits a
longer transition period until the estimation stabilizes, associated with re-establishing the correct weighting
between the forecast and the restored measurements.

4.4. Scenario 3: Highly nonlinear dynamics.

Scenario 3 examines the behavior of the integrated navigation system under highly nonlinear
dynamics of the object relative to the simplified model used in the standard Kalman filter. The "real"
dynamics of the UAV are generated by the nonlinear block f dyn in the ins_baseline model, while the
predictor in the EKF uses a linear discrete model fdyn_linear_step, implementing double integration of the
measured accelerations. This creates an intentional model mismatch between the real system and the
mathematical model in the estimator, which is a typical situation for real unmanned platforms with complex
aerodynamics and non-ideal sensors. The neural-enhanced LSTM-KF scheme uses the same EKF, but the
dynamic model in the prediction step is replaced with a trained LSTM predictor (nn_predict_lstm), which
approximates the transition xj,1 = f(xx, ux) based on sequences of normalized vectors [x, uy]. The
appendix to the dissertation describes the scripts used to implement the experiment and generate the visual
results.

The simulation is performed on the same measurements from the inertial module and pseudo-data
from GNSS as in the previous scenarios. The time horizon is T = 60 s, with a sampling rate of T; = 0,01 s.
The covariances of the process noise @ and the measurement noise R, as well as the measurement matrix
H, match the configuration in the basic EKF. The only difference is in the dynamic model: KF-NL uses the
linear operator fdyn_linear step, while LSTM-KF-NL uses the neural predictor on a sliding window with
a length of L = 20 cycles.

Figure 32 shows the evolution of the coordinatep, over time and the corresponding errors of the
two filters.
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Figure 32. Evolution of the coordinate px over time and the corresponding errors of the two filters.
The upper panel shows the reference position (white line), the KF-NL estimate (cyan), and the
LSTM-KF-NL estimate (red line). In the scenario under consideration, the trajectory is highly nonlinear,
which leads to a model mismatch with the linear dynamics used; both methods reproduce the general trend
of the movement, with the LSTM-KF-NL estimate observed to remain closer to the reference curve. The
lower panel of the figure shows the errors:
epy (k) = Pk — D andeg?™ (k) = pi™ = Pr. 43)

It can be observed that with KF-NL, the error increases over time and exhibits a persistent non-zero
component (bias), while with LSTM-KF-NL, the deviations remain limited to a narrower interval around
zero, and the empirical mean value of the error is close to zero.

Table 12 presents the root mean square error (RMSE) by state components for highly nonlinear
dynamics (sharp maneuvers) for two estimation algorithms: the standard Extended Kalman Filter (EKF)
and the proposed LSTM-enhanced Kalman filter (LSTM-KF). In this section, the notation RMSE_KF NL
corresponds to the RMSE of the EKF under highly nonlinear dynamics, and RMSE_LSTM_NL
corresponds to the RMSE of the LSTM-KF under the same conditions.

Table 12. RMSE by state under highly nonlinear dynamics.

State RMSE_KF_NL RMSE_LSTM_NL
1 0.42443 0.19829
2 0.83446 0.36873
3 1.10370 0.57603
4 3.33130 0.1349
S 6.66500 0.14691
6 10.0230 0.26516

The aggregate estimation error for the six-component state vector is respectively:
RMSEKF-NL = 51329, RMSELSTM-KF-NL = 0.3207.

These values are obtained by quadratically averaging the components RMSE,,,,4.; according to
expression (4.2), which places greater weight on the RMSE for components with larger deviations.

The comparison between EKF and LSTM-KF is not limited to individual state components, but is
based on an aggregated estimate for the entire state vector over the entire simulation time interval. The two
algorithms are evaluated under identical simulation scenarios, initial conditions, noise characteristics, and
input impacts, which ensures comparability of the results. The values obtained for RMSEggpnp
and RMSE; stykrn show a significant difference in the integral estimation error under highly nonlinear
dynamics, with a ratio of approximately 5.1329 / 0.3207 =~ 16.

The observed decrease in the aggregate indicator for LSTM-KEF is related to the way in which the
two approaches describe the dynamics in the forecast step. In EKF, when the process model used does not
adequately reflect the nonlinear effects of sharp maneuvers, a structural model mismatch occurs, leading to
a systematic bias in the a priori forecast. Under such conditions, the correction step (through innovation)
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can reduce part of the error, but remains sensitive to the quality of the prior estimate, which can manifest
itself as an accumulation of deviations over time and an increased error in the entire state vector.

In LSTM-KF, the process model in the prediction step is implemented through a learnable recurrent
neural network (LSTM), which is trained to approximate the effective nonlinear dependence between
previous states and input influences in the considered motion regime. This leads to a more accurate a priori
forecast and allows the correction stage of Kalman filtering to operate with smaller residual discrepancies
instead of compensating for gross model errors. As a result, the error remains more limited in time and the
combined RMS is significantly lower.

The lower overall RMSE in LSTM-KF-NL is interpreted as an indicator of better correspondence
between the dynamic model used and the actual nonlinear dynamics in the experiment under consideration,
which leads to more stable estimation during sharp maneuvers and the presence of model mismatch.

The analysis in the time domain (e.g., by trajectories and errors over time) is consistent with the
quantitative results: with EKF with a process model that does not describe the nonlinear regime accurately
enough, there is a tendency towards drift and increasing long-term deviations, while with LSTM-KF the
errors remain limited and without a clearly expressed systematic component. This supports the research
hypothesis that, in an integrated navigation system and highly nonlinear modes, neural network-assisted
modeling of process dynamics can improve the accuracy and stability of recursive estimation compared to
a standard EKF with an analytical process model.

4.5. Scenario 4: High noise/measurement uncertainty.

The fourth experimental scenario evaluates the behavior of the standard Extended Kalman Filter
(EKF) and the proposed LSTM-KF neural-enhanced filter under increased noise and measurement
uncertainty. The aim is to analyze the robustness of the two algorithms under degraded sensor data quality,
which is typical for real-world conditions such as increased noise in GNSS and IMU channels,
electromagnetic interference, and/or platform vibrations.

The simulation setup uses the same ins_baseline model and identical input influences (control and
motion profile), with the difference from the previous scenarios being in the noise covariance parameters.
The covariance of the process noiseQ is increased fivefold, the covariance of the measurement noiseR is
increased tenfold, and the initial covariance of the errorP, is increased fiftyfold in order to model greater
uncertainty in the initial conditions. In this way, the two estimators are placed in a mode of high uncertainty
in terms of both dynamics and measurements. The appendix to the dissertation contains the scripts used for
the experiment and visualizations of the results.

EKEF retains its standard structure with an analytical dynamic model f;,,, and a linear measurement
model with a matrix H = [I3 03x3], while LSTM-KF uses the same recursive update algorithm but
implements the prediction step through a trained recurrent neural network (LSTM), implemented through
the nn_predict_Istm function. The two filters operate under identical initial conditions and use identical
noise parameters (@, R, Py) within the scenario.

Figure 33 shows the evolution of the coordinate p, over time for the two filters and the reference
trajectory.
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Figure 33. Dependence of the coordinate px over time at high noise for the two filters and the
reference trajectory.

In the upper panel, it can be seen that at high noise, the EKF estimate (cyan line) exhibits greater
fluctuations around the reference value, while the LSTM-KF estimate (red line) remains closer to the
reference trajectory (white line). The lower panel shows the errors of the estimates relative to the reference
value, with the EKF showing greater error variability, while the LSTM-KF deviations remain more limited
around zero.

Table 13 presents the quantitative results for the root mean square error (RMSE) by components of
the state vector (position components - States 1-3 and velocity components - States 4-6).

Table 13. RMSE by states at high noise in measurements.

State RMSE_KF_HN RMSE_LSTM_HN
1 0.55893 0.19904
2 1.1077 0.37673
3 1.4398 0.58926
4 3.3313 0.13481
S 6.6650 0.1467
6 10.023 0.26482

RMSEKF-HN = 51575, RMSELSTM-KF-HN = 0.3262

The aggregated accuracy assessment for the entire six-component state vector is calculated by
quadratically averaging (Combined RMS) the component RMSEs (4.2). The use of quadratic averaging
(instead of arithmetic averaging) emphasizes the components with larger deviations and allows for a more
adequate assessment of the behavior in high-noise scenarios.

The values in Table 13 show that with significantly increased noise, the EKF demonstrates a
substantial deterioration in accuracy for the velocity components, with the maximum value reaching
RMSE=10.023 m/s (State 6). In comparison, LSTM-KF limits velocity errors to below 0.3 m/s for States
4-6 (0.13481 - 0.26482 m/s) and maintains positional errors in the sub-meter range for States 1-3 (0.19904—
0.58926 m).

Compared to the aggregate indicator for the entire state vector, EKF achieves RMSE = 5.16, while
LSTM-KF achieves RMSE ~0.33, which corresponds to approximately 5.1575/0.3262 ~ 16-fold reduction
in the aggregated error (Combined RMS) under conditions of degraded measurement quality.

The results obtained are consistent with the hybrid architecture, in which the prediction step is
supported by a trainable model approximating the effective dynamics in a noisy environment. The more
accurate a priori forecast reduces the sensitivity of the recursive estimation to noisy measurements in the
correction step and leads to a lower overall error at high levels of uncertainty in the GNSS/IMU channels.
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Scenario 4 confirms that in the considered setting, LSTM-KF demonstrates higher robustness to
noise and measurement uncertainty compared to the standard EKF, both in terms of component RMSE and
the aggregated indicator for the entire state vector.

4.6. Quantitative analysis.

The purpose of the analysis is to perform a statistical and comparative evaluation of EKF and
LSTM-KF on four metrics: (i) combined root mean square error for the state vector (Combined RMS), (ii)
RMSE for the velocity components, and (iii) convergence rate. Orientation metrics are not included in this
setting due to the lack of orientation states/measurements in the model.

4.6.1. Aggregated error for the state vector (Combined RMS).

The first stage of the analysis summarizes the Combined RMS indicator for the entire state vector
in all scenarios (Table 14). The metric is calculated by quadratically averaging the component RMSEs
(4.2). This indicator focuses on components with larger deviations and provides an integral assessment of
accuracy over time.

The change in LSTM-KF relative to EKF is calculated using the expression:

CombinedRMS (gxpy

Ilx] = . : 44
[ ] COmblnedRMS(LSTM,KF) ( )
Table 14. Averaged RMSE for position by scenario.
Scenario Combined RMS Combined RMS Ratio of the aggregate error
(EKF) (LSTM-KF) (1) of LSTM-KF to EKF
1. Normal conditions 0. 0. 0.
2. Loss of GNSS (DR) 40.8 0. 116.8
3. Highly nonlinear 5.13 0.32 16.03
dynamics
4. High noise 5.16 0.33 15.6

For scenario 1, the value is positive in the sense of an increase in the error for LSTM-KF
(deterioration), while for scenarios 2—4, the value represents a reduction in the error.

The data show that under nominal conditions (Scenario 1), EKF achieves a lower Combined RMS
than LSTM-KF (0.09 vs. 0.32). This is consistent with the fact that, under well-described dynamics and
near-Gaussian noise, classical filters are competitive, and the addition of a learnable model is not a
prerequisite for improvement. However, in critical scenarios (GNSS loss, strong nonlinearity, and high
noise), LSTM-KF achieves a lower Combined RMS than EKF, with the greatest effect observed in the
case of GNSS loss (40.88 — 0.35; = 116.8).

4.6.2. Error in velocity components.

In the second stage of the experiment, the RMSE of the velocity componentsv,, v, v, is analyzed.
In the experiments conducted with EKF, an increased error is observed in scenarios with nonlinear
dynamics and noise disturbances, with the RMSE of velocity reaching 5-10 m/s under unfavorable
conditions. In comparison, with LSTM-KF, the velocity errors remain significantly lower (typically below
0.3 m/s in the most severe scenarios), which is consistent with a more accurate a priori forecast in the
forecast step and lower sensitivity to noisy measurements.

The aggregate velocity error can be defined as:

6
1
Combined RMS, = 52 RMSE?, 4.5)
=4
where Combined RMS,, are the RMSEs of the components vy, vy, V.
4.7. Comparison with models from the literature.
The LSTM-KF architecture proposed in this paper fits into the contemporary line of hybrid state-

space estimators, which preserve the recursive predict—update structure of Kalman filtering, while part of
the model is supplemented/parameterized by learnable functions (e.g., neural networks). Similar
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approaches are considered both within the framework of model-based deep learning for state estimation
and within the framework of neural state-space models, where the dynamicsfy are learned from data
(Krishnan, R. G., Shalit, U., & Sontag, D., 2015); (Revach, G., Shlezinger, N., Ni, X., Escoriza, A. L., van
Sloun, R. J. G., & Eldar, Y. C., 2022).

4.7.3. LSTM in GNSS failure and dead reckoning: directly relevant results.

Most directly relevant to GNSS degradation scenarios are publications in which LSTM is used to
maintain the navigation solution during GNSS outages, i.c., to limit the error in dead reckoning mode.
Fang et al. (2020) propose an LSTM-based approach for generating pseudo GNSS position increments
during GNSS outages to assist INS/KF correction (Fang, W., Jiang, J., Lu, S., Gong, Y., Tao, Y., Tang, Y.,
Yan, P., Luo, H., & Liu, J., 2020).

This line is consistent with the interpretation of the results from Chapter 4: under unfavorable
conditions (GNSS failure, high noise degradation, strong nonlinearity), the trainable component can reduce
sensitivity to model mismatch and limit error accumulation. An important clarification (and
methodologically correct conclusion) is that under nominal conditions and a well-described model, the
classical EKF can remain competitive with hybrid models, which was also observed in our experiments
(Scenario 1) (Revach, G., Shlezinger, N., Ni, X., Escoriza, A. L., van Sloun, R. J. G., & Eldar, Y. C., 2022);
(Fang, W, Jiang, J., Lu, S., Gong, Y., Tao, Y., Tang, Y., Yan, P., Luo, H., & Liu, J., 2020).

4.7.4. Summary.

In summary, LSTM-KF can be positioned as a hybrid state-space estimator that is methodologically
comparable to (i) model-based deep learning filtering approaches (e.g., KalmanNet) and (ii) neural state-
space models (e.g., Deep Kalman Filters), as well as (iii) LSTM- -assisted INS/GNSS methods in GNSS
outages (Revach, G., Shlezinger, N., Ni, X., Lopez Escoriza, A., van Sloun, R. J. G., & Eldar, Y. C., 2022);
(Krishnan, R. G., Shalit, U., & Sontag, D., 2015); (Fang, W., Jiang, J., Lu, S., Gong, Y., Tao, Y., Tang, Y.,
Yan, P., Luo, H., & Liu, J., 2020).

In view of our own results from Chapter 4, the correct interpretation is as follows: LSTM-KF shows
an advantage over the basic EKF in adverse conditions (GNSS interruption/high noise/strong non-
linearity), while in nominal conditions EKF can demonstrate a lower aggregate error. Therefore, the
contribution should be formulated as increased robustness under degraded conditions, rather than universal
superiority in all scenarios.

4.8. CONCLUSIONS FROMCHAPTER 4.

1. The results of the simulation experiments indicate that in unfavorable operating modes (GNSS
loss/dead reckoning mode, increased IMU noise, non-stationary and highly nonlinear dynamics,
and rapid dynamic changes) LSTM-KF achieves lower values of the Combined RMS and
RMSE for position and velocity compared to the baseline EKF, while simultaneously meeting
the specified error detection criterion in a shorter time and demonstrating stable behavior;
Under nominal mode (normal conditions), EKF achieves a lower aggregate error compared to
LSTM-KF, which is consistent with the results presented in the scenarios.

2. The analysis of the innovative sequences shows a reduced systematic component of the
residuals and consistency between the forecast and measurements according to the indicators
used, which is an indicator of more adequate process modeling through LSTM in the considered
setting.

3. In continuous dead reckoning modes, LSTM-KF limits the accumulation of error compared to
EKF in terms of the combined RMS indicator and the component RMSE within the scope of
the experiment considered.

4. Within the evaluation criteria used, an increase in the stability of the navigation estimate under
degrading conditions (GNSS losses/increased noise) is observed, which confirms the research
hypothesis about the usefulness of an LSTM-assisted process model in a Kalman structure.
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5. The proposed architecture provides a basis for subsequent integration and validation in real
conditions, including Hardware-in-the-loop (HIL) and field tests, as well as the development of
more complex scenarios and sensor configurations.

IV. CONCLUSION.

This dissertation explores the possibility of constructing an integrated navigation system for
unmanned aerial vehicles (UAVs), in which the process (transient) model within the Kalman filter
framework is parameterized by a trainable LSTM-type recurrent neural network. The research included a
literature review, the development of a simulation model in MATLAB/Simulink, the implementation of a
hybrid LSTM-KF architecture, and the execution of experimental simulation scenarios with different noise
profiles, disturbances, and modes of partial or intermittent availability of GNSS measurements. The results
under the conditions considered show that the approach is technologically feasible and can provide
measurable improvements over the baseline EKF under adverse operating conditions characterized by non-
stationary noise and degraded measurements.

The summarized results of the experiments show that the developed hybrid architecture using a
neural network achieves lower values of the metrics used to account for errors in position and velocity
estimation under degrading or intermittent GNSS observations and in dead reckoning mode (dead
reckoning), reaches a stable mode faster (Fig. 31) according to the selected criterion, and demonstrates
stable behavior in the presence of increased IMU noise and non-stationary dynamics compared to the
classical architecture. At the same time, in nominal mode (normal measurement conditions), the basic EKF
achieves a lower aggregate error (Table 14) compared to LSTM-KF, which confirms the scenario-
dependent nature of the observed advantages. The neural component supports process modeling by
approximating nonlinear and mode-dependent dependencies that are difficult to describe with manually
specified analytical models under real constraints. This manifests itself as improved estimation behavior in
scenarios with GNSS degradation, increased noise, and highly nonlinear dynamics.

The hybrid navigation model, in which a recurrent neural network (RNN) of the LSTM (Long Short-
Term Memory) type does not perform only a corrective function, but participates as a key element in the
process model of the filter through training on sensor data and simulation trajectories. The proposed
approach combines the structured mechanism for evaluating and integrating measurements in the Kalman
framework with data-based dynamics modeling through a deep recurrent architecture. The results achieved
show the potential for using trainable process models in real-time state estimation, subject to subsequent
profiling, optimization, and validation on target hardware.

Based on the analysis and experiments conducted, the following guidelines for future research can
be formulated: (i) inclusion of learnable components in modes with varying noise characteristics and
incomplete knowledge of dynamics, with guaranteed control of generalization and evaluation/calibration
of uncertainty; (ii) systematic comparison of different recurrent structures (LSTM and GRU), as well as
alternative neural models in the state space, including Neural ODE / Neural SDE (neural differential /
stochastic differential models), in terms of accuracy, stability, and computational complexity; (iii) extension
to multimodal integration of sensor data (visual, LiDAR, and Ultra-Wideband — UWB) to limit errors
during prolonged computation modes and degraded GNSS conditions.

Development opportunities include training and validation on real flight data, adding online
adaptation mechanisms, and testing in a more realistic experimental environment (e.g., hardware-in-the-
loop — HIL and field tests). Additionally, integration with reinforcement learning methods could be
considered in the context of joint navigation and control optimization to achieve adaptation of the control
policy to changing environmental conditions and dynamics.

The applicability of the proposed approach is potentially broad and includes autonomous navigation
of UAVs, robotic systems, and autonomous platforms where reliable state estimation is critical. The
developed architecture can be adapted for implementation with limited computational resources under
profiling and optimization conditions, as the LSTM component allows for compact implementation and the
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filtering framework supports efficient online processing. The results obtained support the conclusion that
combining analytical modeling and neural architectures is a promising direction for creating more reliable
and adaptive navigation systems for UAVs, especially in the case of nonlinearities, non-stationary noise
regimes, and degraded observations.

GENERAL CONCLUSIONS FROM THE DISSERTATION

1. The analysis of navigation approaches shows that solutions based on a single sensor channel exhibit
structural limitations in degraded or intermittent observations, which is why integrated architectures for
combining inertial and external measurements are a methodologically sound choice for stability in a wide
range of flight modes.

2. In inertial computation, the dominant factor for the correct operation of the model is the
characteristics of the IMU — sensitivity to systematic deviations, temperature- instability, stochastic
components that lead to the accumulation of navigation error in the absence of external corrections and
require the use of correction channels and adaptive models.

3. The parameterization of the process model in the prediction step of the Kalman filter using a
trainable predictor is conceptually sound and technically feasible — an LSTM-based model can perform the
role of a process block while preserving the recursive predict—update structure and the correction step of
the filter.

4. The simulation model shows that the correct integration of the neural network into the a priori
forecast is critical for the accuracy of the results and for the comparative analysis of the standard analytical
and proposed adaptive LSTM process model under identical input conditions.

5. The results of the comparative assessment between EKF and the hybrid LSTM-KF configuration
(Kalman scheme in which the process model in the prediction step is implemented by an LSTM predictor)
characterize scenario-dependent behavior: under nominal conditions, EKF achieves a lower value of the
combined error metric (Combined RMS) compared to LSTM—KF, while under adverse conditions (GNSS
interruption/dead reckoning mode, strong nonlinearity, and increased noise) LSTM—KF gives lower values
of the metrics used to evaluate the error and reaches a faster established mode according to the selected
establishment criterion compared to EKF (Fig. 31, Table 14, expression 4.2).

6. The analysis of the innovation sequences provides additional diagnostic information on the
consistency between the forecast and the measurements, as the observed limitation of the systematic
component of the residuals is compatible with adequate process modeling through the learnable component
in the model under consideration.

GUIDELINES FOR FUTURE WORK

1. Extend experimental validation to a wider set of trajectories and modes, including more complex
maneuvers, prolonged GNSS outages, and diverse noise profiles, to assess the generalization and robustness
of the proposed architecture.

2. Include orientation states and additional measurements (e.g., magnetometer, barometer,
visual/lidar observations), as well as extend to multi-sensor configurations to evaluate the effect of the
learnable process model in a more complete navigation setting.

3. Investigate options for uncertainty adaptation and robustness (e.g., adaptive estimation of noise
covariances and detection of atypical measurements), as well as analysis of statistical consistency through
standard criteria when covariance estimates and verifiable confidence limits are included.

4. Transition to more realistic experimental conditions through hardware-in-the-loop (HIL) and field
tests, including profiling and optimization for target hardware, to assess the applicability of the architecture
under online processing and resource constraints.
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V. CONTRIBUTIONS.

Scientific contributions

L.

A hybrid navigation system for integrated INS/GNSS navigation of UAVs has been developed,
in which the process (transitional) model in the predictive step of the Kalman filter (predict—
update) is parameterized by a recurrent neural network of the LSTM type, and the correction step
is implemented by the correction module of the filter. The system is conceptually justified in
conditions of nonlinear dynamics and non-stationary noise and is implemented and evaluated
through simulation scenarios.

Scientific and applied contributions

1.

The conditions for applicability of the hybrid INS/GNSS navigation configuration LSTM-KF
(Kalman filter in which the process model in the prediction step is implemented by a recurrent
neural network of the LSTM type) relative to the basic EKF are defined: in the case of degraded
or interrupted GNSS observations, increased IMU noise, and highly nonlinear dynamics, LSTM—
KF achieves lower values of the error indicators used for position and linear velocity, while in
nominal mode, EKF gives a lower value of the aggregate error indicator.

. A simulation model of an integrated navigation architecturc has been developed in the

MATLAB/Simulink development environment, which supports parallel implementations of the
process model — analytical f;,,, , and process predictor implemented with a recurrent neural network
of'the LSTM type — with coordinated input-output interfaces, a unified time base, and a controllable
choice of process model.

A reproducible workflow for building the hybrid navigation model (data—training—
integration) has been implemented, including automated extraction of simulation data, formation
of training sequences, normalization and storage of scaling parameters, training of a recurrent
neural network of the LSTM type, and implementation of the trained network in Simulink through
a functional block for single-step prediction, compatible with the discrete filter circuit.

A methodology for experimental evaluation of the hybrid INS/GNSS navigation architecture
has been introduced, using an aggregate metric (Combined RMS), component RMSE for the state,
and an error detection criterion (e.g., 5% threshold), allowing for comparability of results under
identical input conditions and different GNSS availability scenarios and noise profiles.
Post-processing of the simulation results for statistical evaluation of the forecast in the hybrid
navigation model has been implemented by comparing the analytical process model f;,, and
the LSTM-based process predictor (LSTM-type recurrent neural network) against the
reference state, with calculation and tabular presentation of RMSE by components (position and
linear velocity).

A diagnostic analysis of the integration of the LSTM-based process predictor (LSTM-type
recurrent neural network) in the prediction step of the hybrid navigation scheme is presented,
including a distinction between the effects of the trainable process model and the effects of the
simulation integration configuration, in order to correctly interpret the results and optimize the
system parameters.
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