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NPUMEHEHUE HEMPOHHOMW CETU DDRNET JJIs1 MOBBIIIEHUS
YCTOHYUBOCTU VSLAM-PEIIEHUSI ORB-SLAM2 IIYTEM
MACKHUPOBAHUA HA CHUMKAX ITOABUKHBIX OBBEKTOB

B pabote npowmtrocTprpoBaHa BO3MOXKHOCTH MCIIOIBb30BaHUS ITyOOKOH HEHPOHHOI CeTH ¢ JBOWHBIM pa3peIieHH-
eM (DDRNet — Deep Dual-Resolution Networks) amns pemienns B pexxuMe peaJbHOTO BpEeMEHH 3a7adil 00HapyKe-
HUS Ha M300paKEHNAX MOJBIKHBIX 00BEKTOB (TIEIIEX0/10B, BEJIOCUIIEINCTOB, aBTOMOOMIIEH 1 ap.). B paboTte mpex-
CTaBIIeHO Tarke mporpamMHoe pemenne DDR-SLAM B obmactu VSLAM (Visual Simultaneous Localization and
Mapping) B nuHamudeckux cpenax. JlanHoe VSLAM-penieHue npenacrasiseT co0oil, 0 cyTH, yay4dllIeHHYIO pea-
mmsanuo dpeitmBopka ORB-SLLAM?2, B koTopoii ¢ momorisio Heiipocetn DDRNet nmpou3BoauTcs: MacKHpOBaHUE
MOABHMXHBIX 00BEKTOB. Pe3ynbraThl akcnepuMeHTanbHol anpobarun DDR-SLAM Ha mociniennoBaTenbHOCTSIX U30-
Opaxxennit n3 Habopos ganubix KITTI u Cityscapes nemoHctpupytor, uto DDR-SLAM obecneunBaer nonydeHue
HU3KHX 3HAYCHWH OMMOOK MO3WIIMOHMPOBAHUS B CICAYIOMINX CIEHApUSIX: ABMXEHHE TPAHCIIOPTHOTO CPEACTBA
(TC) B mmoTHOM TOTOKE MamuH, AnuTensHoe npedsiBanne TC B mpoOke, 3amemrenne npmkeHns TC nepen nepe-
KpPECTKOM, K KoTopoMy nipubmmkaroTes takxke u uHble TC, u ap. [Tokazano Taxke, uto DDR-SLAM yBepenHo mpe-
BOCXOAMT IO TOYHOCTU no3uuuoHupoBanusi VSLAM-pemenne ORB-SLAM?2 B Tex clieHapusix, Ilie NpUCYyTCTBYET
0ONBIIOEC  YHCJIO  MOJABWXKHBIX  00bekTOB. Mcxoambrii  kox DDR-SLAM  gocTymeH 1O CCBUIKE:
(https://github.com/YznMur/DDRSLAM.git).

Kniouegvie crosa: riybokoe o0yueHne, OTHOBpEMEHHas JIoKanu3anus 1 nocrpoenue kapt (SLAM), cemanTuueckas

CEeIrMCHTalMsA, AMHAMHU4YECCKas cpclia

BBEJEHUE

B nHacrosmiee BpemMsi BO BCeM MHpPE aKTHBHO pa3-
BHUBAIOTCSI TEXHOJOTHH aBTOHOMHOTO (OECITHIIOTHOTO)
Boxaenus [1, 2]. [lpiMenenne METOI0B BU3YaIbHOM
OJTHOBPEMEHHON HaBUralMd W IOCTPOEHHS KapThl
(VSLAM — Visual Simultaneous Localization and
Mapping) mo3BoJsieT moay4daTh HHPOpPMAIHIO 00 OK-
pyXaroleil cpene, MCIONb3ysi B KauecTBe CEHCOPOB
TOJBKO  BHaeokamepbl  [3-5]. Hcmonws3oBanue
VSLAM wmoxeT ObITh 3aTpyJHEHO B JMHAMHYECKUX
cpelax, re¢ NPUCYTCTBYIOT JBHXKYIIUECS OOBEKTHI,
TaKkue Kak JIIOIU, aBTOMOOWJIM W BEJIOCHUIIENBI, MpPHU-
CYTCTBUEC KOTOPBIX MOKET IMMPUBOAUTL K OHII/I6KaM
ITOpUTMa W, KaK CJIEICTBHE, HENPAaBUIbHBIM OLICH-
KaM COOCTBEHHOTO MOJIOKEHUS U IOCTPOCHUIO KapThl.

B mocnennee pecsATuieTre akTUBHO Pa3BHBACTCS
npumenenne VSLAM st aBTOHOMHON poOoTOTEX-
HUKHU 6naroz[ap;1 HU3KOM CTOMMOCTH U KOMITAKTHBIM
pa3mepam. B pabote [6] mpeanoxeHa cucrema Mono-
SLAM [7], npencrasistomnias co00ii MOHOXPOMHYFO
cuctemy SLAM s paboTsl B peaqbHOM BpEMEHH.
B pabGote [8] npencrabieHa cuctemMa OTCIICKHBAHUS
KaMmepsl uid JorosHeHHou peansHOocTH (PTAM —
Parallel Tracking and Mapping), B KoTopoi#l mpezio-

KEHO Pa3leiINTh CHCTEMY Ha JIBa OCHOBHBIX IIOTOKA
(oTcnexxuBaHWE W TMOCTPOCHHUE KapThl), YTO TO3BOJIH-
70 TOBBICUTH HajgexxHocTh SLAM. B pabore [9]
MPEJIOKEH METOJI MPSIMOTO OTCIICKUBAHUS C BEPOST-
HOCTHBIM PELICHUEM JJIsl y4eTa BIMSHUS 3allyMJICH-
HBIX 3HAQUYCHUM FJ'IY6I/IHI>I Ha 1Iponecc OTCICKUBAHUA.
B pa6orax [10, 11] mpeacraBieHbl MOIXOIBI, MO3BO-
JIIOIIUE peniath 0e3 HEOOXOAMMOCTU H3BIICUCHUSI
MMPU3HAKOB W MCIIOJb30BaHUA MCTOI0B yCTOI\/'ILII/IBOFO
COIIOCTAaBJIEHUSI B OLCHKE IBIDKEHUS, KOMOWHHpPYs
XapaKTCpHbIC TOYKU C IPAMBIM OTCJIC)KMBAHUEM OII-
THYECKOro noroka. [IpsMoil MeTon ctai nonyaspHbIM
Onaroziapsi BBIYUCIUTENbHOW 3¢ ¢dextuBHocTH [12].
OnHako ero He4YyBCTBUTEIBHOCTh K IIPU3HAKAM SBJIS-
eTCsl CylIecTBeHHOU mnpobiemoii. B SLAM TtouHas
OLIEHKA TOJIOKEHHUS PoO0Ta M MOCTPOCHHUE KapThl OK-
pyXaromei cpenpl SBISIOTCS KPUTHUYECKU BaXKHBIMU,
OrpaHUYCHHUA MPAMOro METoJa MOTYT IMPCIATCTBO-
BaTh AOCTHXEHUIO 3THX Leneil. OrpaHnueHus npsmo-
ro MeToJa MOTYT TPEeOoA0NeBaTbCI C TOMOUIBIO
(hpeiiMBOpKa BH3YaIbHON HWHEPIHMAIHHONW OZOMETPUHN
[131 ORB-SLAM (ORB — Oriented FAST and
Rotated BRIEF) [14] u ORB-SLAM?2 [15], koTopsie
MIPENICTaBISIIOT coboi nprioxennss SLAM, ocHOBaH-
HBIC Ha OTCJIC)KMBAHWUU IPHU3HAKOB.
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B OompmmucTBe cucreM SLAM nuHaMuyeckue
NpPU3HAKU (Takue KakK IeIIeX0Abl M TPaHCIIOPTHbIE
CpEeACTBA) CUMTAIOTCS JIOKHBIMH JJTaHHBIMU. B pe3yib-
TaTC 3TH MPU3HAKKU HE BKIIIOYAIOTCA B KapTy U HE UC-
MONTB3YIOTCS  JUISL OTCIEKWBaHUS Kamepsl. OOmime
MOAXOJbI JIi 00pabOTKU JMHAMUYECKHX TPU3HAKOB
BKJTFOYAIOT aJITOPUTMBI OTOPAaKOBKHA BHEIOPOCOB, TaKkue
kak RANSAC (RANdom SAmple Consensus) [16]
B ORB-SLAM [17] u ycroitunBbie (hyHKIIUH CTOUMO-
ctu B S-PTAM [18]. B mocneqnue roasl s yaydiie-
HUA JIOKAJIUW3allMi U IMOCTPOCHUSA KapT B AWMHaAMHUYC-
CKHX CpeIax HCIOJNB3YIOTCA METOIBI TIIyOOKOT0o 00y-
YCHHS, aJITOPUTMbI KOTOPBIX MOT'YT JOCTATOYHO TOY-
HO OCYIIECTBIIATH OOHAPYKEHHUE U CETMEHTAITHIO 00h-
€KTOB B peasibHOM Bpemenu [ 19, 20].

B pabore [21] mpemnmoxen wmetonq SLAMIDE
(Simultaneous Localization and Mapping in Dynamic
Environments), KoTopblii onieHuBaeT cocrostaue 3D-
MPU3HAKOB (CTAlMOHAPHBIX WM TOJIBMXKHBIX) C IIO-
MOIIbI0  OOOOIIEHHOT0 AJTOPUTMa MaKCHMH3AIUU
OKHJIAQHUH W UCIOJIb3yeT OOpaTUMOE CBSI3bIBAaHHE
JaHHbIX [JJA BKIHOUYCHHA I[TOABHXHBIX O6’BGKTOB
B eauHblii (peitmBopk SLAM. B paGore [17] npen-
craBiieHa o¢dnaitH-cuctema BuszyanbHoro SLAM
DynaSLAM, «koropasi, ocHoBbiBasick Ha ORB-
SLAM2, nobGaBnseT BO3MOXXHOCTH OOHAPYKEHUS
IIOABUKHBIX 06’beKTOB 1 IOBBIIIACT YCTOI‘/'I‘II/IBOCTI)
B JMHAMHYECKUX CIEHApUsX Al MOHO-. CTEpeo-
u RGB-D xongwurypanuii. B DynaSLAM wu3o006paxe-
HUSI TIPOIYCKAIOTCSl 4Yepe3 CBEPTOUHYIO HEHPOHHYIO
cetb (Mask R-CNN), koTopasi BHITIOJHSIET CEMaHTHU-
YEeCKYI0 CErMEHTALMIO Ha YPOBHE IMHUKCENeH A Beex
anpUOPHO TIOJBMKHBIX OOBEKTOB (HAIIPUMEp, JFOASH
WM TPAHCIOPTHBIX cpenacTs). B padore [22] npenio-
XKeH (peliMBOPK MOHOXPOMHOTO CEMaHTHYECKOTO
SLAM mnop HazBanueM Dynamic-SLAM. Apxutekry-
pa ucnons3yet Single Shot Detector (SSD) mist o6Ha-
pykeHus 0OBEKTOB, KOTOPHI HWHTETpUpPYET MpeiBa-
pUTEIbHBIE 3HAHMS JUIsI CEMaHTHYECKOTO OIpeaese-
HUS JBIKYIIMXCS OOBEKTOB B HOBOM IIOTOKE OOHA-
pyxenus. [lns yiydlleHHs CYLIECTBYIOIIEH CETH
SSD, ckiOHHOW K HHU3KOMY YpPOBHIO OOHapyKEHUS,
B CTAaTb€ MPECACTABJICH AJITOPHUTM KOMIICHCAIIUU IIPO-
MyIeHHBIX O00HApY)KeHWH, OCHOBAaHHBIA HA WHBapH-
AQHTHOCTH CKOpPOCTH B COCETHMX KaJpax, 4TO 3HAauu-
TEJIHHO TOBHIIIAET YPOBEeHb OOHapyxenus. B [23]
npemtoxked Dynamic-DSO, xotopslii couetaeT mpsi-
MbIE METOJIbl C TIIYOOKMM OOYYCHHEM JIJIsi MCKITI0Ye-
HUS MTOJBM)KHBIX KaHIUIATOB M3 KIIFOYEBBIX KaJpOB.
Bce BblIeynoMsIHyThIE MCCIIEOBAHUS JEMOHCTPUPYIOT
3HAYMTEJIbHBIE YCHIMS, HalpaBjCHHbIE HA pELICHUE
HpO6J'ICM, CBA3aHHBIX C JUHAMHWYCCKUMHU Cp€aaMu
B KoHTeKcTe VSLAM.

B Hacroseit pabore npesioxkena cuctema DDR-
SLAM, wcrone3yromas CerMeHTalio OOBEKTOB
Ha ocHOBe HelipoHHOW cetrt DDRNet [24] mis moc-
THXKEHUS TOYHOM U HAJECKHOU IPOU3BOJUTEIBHOCTH

S MYPXWMXK u gp.

SLAM B punamuueckux cueHapusx. DDR-SLAM
MpeICTaBIsIeT co00i MOHO-, cTepeo- 1 RGB-D SLAM
cUCTeMY Ul AMHAMUYECKHUX Cpel, KOTOpasi OIHOBpe-
MEHHO OIICHUBAET IOJIOKEHUE KaMep, KapTy M Tpaek-
TOpUW JBWXKYIINXCS OOBEKTOB dYepe3 H300paKeHUs
C Kamephl. B xadecTBe OCHOBBI HCIIONB30BAHA CHCTE-
Ma ORB-SLAM2 [15], xoTopast TO3BOJISET OCYIIECT-
BJISITH JIOKAIBbHOE TIOCTpOeHUsI KapThl. st obecrnede-
HUS d(PPeKTUBHOW pPabOTHI CHUCTEMBI BH3YyaIbHOTO
SLAM B JuHaAMUYECKOM CpeAe HCIOIb3yeTCs
DDRNet st uaeHTUGUKAIME U CETMEHTAIMK T10]1-
BHKHBIX OOBEKTOB, TAKMX KaK IEIIEXOAbl 1 aBTOMO-
Oounu, Ha ypoBHe mmkceneil. DDR-SLAM ycrnemHo
paboTaeT B peaJlbHOM BPEMEHHU B CIIOXKHBIX JAWHAMH-
YEeCKUX YCIOBHIX Ha OTKPBITOM MecTHocTH. Cuctema
pemraet 3amaun mokanmianuu Bundle adjustment, 3a-
MBIKaHUSI TETIH, Pa3pEKEHHONH PEKOHCTPYKLUH
U japyrue npoOieMbl B MPUCYTCTBHU IMEIIEXOJOB
U TPAHCIIOPTHBIX CPENCTB.

1. OBIIIAS XAPAKTEPUCTUKA
PA3PABOTAHHOI'O VSLAM-PEHIEHUA

1.1. Hcnonwv3zyemvle onepayuontule cpeocmea

JU1st TOBBIIIEHHSI TOYHOCTH OIIPENEJICHHUs OI0XKe-
HUA W OpUCHTAIUKN 6CCHI/IHOTHI)IX TPAHCIOPTHBIX
cpenctB (BTC) ¢ momomsio ¢peiimBopka ORB-
SLAM2 mnenecooOpa3HBIM TPEICTABIACTCS YCOBEP-
IICHCTBOBATh €r0 3a CUeT peanu3anuu OJ0ka OOHa-
PYXXEHHUS MMOABUXHBIX OOBEKTOB M M3BJIEKATh KIHOYe-
BbI€ TOYKH TOJBKO Ul T€X YYaCTKOB M300paKeHUH,
Ha KOTOPBIX HE MPUCYTCTBYIOT MOIOOHOTO pojia 00h-
€KTbl. B 3T0# CBsi3U B paMKax MPOBEAEHHBIX UCCIEN0-
BaHWH ObUTa pa3paboTaHa METOIWKa OOHAPYKEHHUS
¢ momomplo Heiipoceth DDRNet [25] moaBKHBIX
00BbekTOB Ha m300paxeHusx ¢ BTC-kamep u peanuzo-
BaHOo VSLAM-pemenne DDR-SLAM, mnpexacras-
nstomee  coboit mMogudukanuio VSLAM-pemenus
ORB-SLAM?2, B x0TOpO# Nipy 0OHAPYKEHUH KITFOYe-
BBIX TOUYEK M300paKEHHH OCYIICCTBISIETCS MaCKHPO-
BaHHWE TIOJBM)KHBIX 00BHEKTOB Ha M300PKEHUSX.

B ocHOBY peanmzanuy METOAWKH OOHApY:KEHUs
MOABWXHBIX O0OBEKTOB IOonoXeHa Mmozaeiab DDRNet-
23-slim, koTopasi MO3BOJISIET OCYIIECTBISATh CEMaHTH-
YEeCKYI0 CErMEHTALMI0 HM300paKeHHH B PEXHME pe-
QJIBHOIO BpPEMEHH M 00ecre4yuBaeT IOIy4eHHe Ui
n300paKEHUH CETMEHTAIMOHHBIX KapT, KOTOpHIE
JydIlle COOTBETCTBYIOT STaJIOHHBIM KapTaM, YeM Cer-
MCHTAIIlMOHHBLIC KAapThbl, IMOJYYCHHBIC C IMIOMOLIBIO Ta-
KHX HUCKYCCTBeHHBIX HelpoHHbIXx ceteir (MHC), kak
Fast-SCNN [26], DFANet [27], ERFNet [28], BiSE-
Net [29], ICNet [30]. DABNet [31], EDANet [32]
u 1p. CTOUT TakKe OTMETUTH U TO, YTO C LEJbIO BbI-
ABJICHUSA ITOABUKHBIX O6’LGKTOB Ha CHHUMKax, I10JIy-
gaembrx kamepamu BTC, momens DDRNet-23-slim
ObUTa 00y4YeHA Ha M300pAXKCHHUSIX U3 HAOOPOB JIAHHBIX
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[NIPUMEHEHUE HEWMPOHHOM CETH DDRNET

KITTI (https://www. cvlibs.net/datasets/kitti) u Citys-
capes (https://www.cityscapes-dataset.com).

O6napyxenue c¢ nomompbio cetu DDRNet mon-
BUXKHBIX OOBEKTOB HAa W300paXCHUU IMPEAINOJIaraer,
4YTO JaHHOE HM300pakKeHHE IMOJAeTCS Ha BXOJ CETH
DDRNet, a Ha BbIXOJE (OpMHPYIOTCS OHHAPHBIC
MacKH, COOTBETCTBYIOIIME BBIACICHHBIM Kjlaccam
MOJBIKHBIX OOBEKTOB (IEIIeX0oJaM, BEIOCHIIEIU-
CTaM, JICTKOBBIM aBTOMOOWISIM, TPY30BUKaM H Jp.).
[Mocne oObearHEHMS BCEX MOMYYEHHBIX MacoK CO3/a-
eTcs Pe3yJIbTUpYIoIas Macka Uil BCeX OOHapyKeH-
HBIX Ha N300paXCHUU TIOJIBUKHBIX 00BEKTOB.

Paspaborannoe pemenne DDR-SLAM dyHkimo-
HHUpYET cieAytomuM obpazom. [lepBoHadanbHO TOITY-
yaeMble KaMepaMH CHUMKH MTPOIYCKAIOTCS Yepe3 CeTh
DDRNet, koTopas OCyIIECTBJIICT OOHApyKCHUE
Ha CHHMMKaxX IOJBMXHBIX OOBEKTOB. Bcnem 3a stum
Ui Kaxzaoro w3 nocrynaronux Ha Bxoj DDRNet
CHHMKOB (hopMHUpyeTCsl Macka Ui BceX OOHapyKeH-
HBIX Ha CHHMKE MOJBW)XHBIX 00BbeKkToB. Ha cremyro-
nieM mrare c()OpMHUpPOBAaHHBIE MACKH HAKJIabIBAIOTCS
HA COOTBETCTBYIOIIME UM CHUMKH, M KJIFOUEBBIC TOY-
KW W3BJIEKAIOTCSl TOJNBKO ISl TeX y4acTKOB CHHMKOB,
KOTOpbIe HE COJepaT OOHAPYKEHHBIX C IOMOUIBIO
cetu DDRNet moaBmkHBIX 00beKTOB. Jlajgee Mo BbI-
JICJICHHBIM KJIFOUEBBIM TOYKAaM CHHUMKOB TaKHM K€
obpazom, kak 1 B ORB-SLAM2, ocymiecTBisieTcs
oOHapyXeHHe U YTOYHEHHUE TOJIOKEHHS KaMep
TpaHncnoptHoro cpencta (TC) ¢ 1enbpio mOCTpoeHus
TpaekTopuu Asmxenus TC.

1.2. Ceamenmayus nomeHyuaibHo
OUHAMUYECKO20 KOHMEHMA
¢ ucnoavzosanuem DDRNet

Jns ceMaHTHYeCKOH cerMeHTaluu W300paKeHUH
ucrosb3oBaHa HelpoHHas cetb DDRNet, xapakrepu-
3YIOIIAsICSl BBICOKOM MPOM3BOJIUTEILHOCTRIO U 00€c-
MEYMBAlOIasl PELICHUE 3aJa4ld CEMaHTUUYECKOM Cer-
MEHTAIIMA H300PAKEHUI B PEKUME PEaIbHOTO Bpe-
MeHU. J[7i1 BBISIBICHUS TOTEHIMAIBHO TTOJBUKHBIX
o0bekToB Ha Bx0ja ceth DDRNet momarorcsi CHHXPO-
HU3WPOBAHHBIC CEpbIC JIUOO I[BETHBIC HM300paXKCHHMS.
Ha Beixoge cetu DDRNet nosydatorcst Macku, cOOT-
BETCTBYIOILIME KJIAaCCAM MOTEHUUAJIBHO MOJABMKHBIX
00BEKTOB (IEIIEX0/IbI, BEJIOCUIICIUCTHI, aBTOMOOWIIH,
Tpy30BUKH W np.) Hampumep, ecnum Ha BXOJA ceTH
DDRNet nogaercss RGB-n300paxenue pasMepHOCTH
M x Nx3, To Ha BBIXOJE TMOIY4YaeTCs MACCUB pa3-
MepHocTH M X N X L, tiie L — KOJIH4YECTBO O0OBEKTOB
Ha n300paxeHuH. [lpudeM i KaXJIOTO BBIXOIHOTO
KaHaja MOoJyyaeTcsi CBOS OuHapHas macka. Ilyrem
O0OBEIMHEHUSI MAaCOK MOXHO IOJyYUTh PE3YJIbTH-
PYIOLLYIO MacKy JUisl BCEX MOTEHIUAIbHO MOABUKHBIX
00BEKTOB OJIHOTO KaJ[pa — MOJHYI KapTy CEerMEHTa-
1y u3o0pakeHus. Kapra cerMeHTanuy moka3biBaeT
MECTOIOJIOKEHHE M KOHTYPBl Ka)KIOro IOJIBHKHOTO
o0nekTa, obHapyx)eHHoro DDRNet.

HAYYHOE [NPUBOPOCTPOEHMUE, 2026, Tom 36, Ne 1

111

1.3. Hu3K03ampamHoe omciestcusarnue

Ilocne cermeHTanMM HOABMXKHBIX  OOBEKTOB
Ha N300pakeHUH MOJIOKEHHE KaMepbl ONpeaessieTCst ¢
WCTIOJIb30BAaHUEM CTAaTHYECKOHW YacTH H300pa)KeHUs.
Kak TOJBKO MOTCHIMATIBHO MABIIKYIIUECS OOBEKTHI
W30JIMPOBAHBI, WX TPAHUIBI OOBIYHO CTAHOBATCS 00-
JJaCTAMU C BBICOKUMM KOHTPACTOM WM IOABJIAIOTCA Xa-
paxkTepHble KitoueBble TOUKH. OHAKO 3TH MPU3HAKU
B IpezAenax KOHTYPHBIX 00JacTedl He HCHONb3YHTCS
B aHanm3e. J{nsg oTciiexxuBaHus IO3bI KaMEphl BBIMOJI-
HSIOTCS CIIEAYIOIINE [aru:

— M3BJICYEHNE TPU3HAKOB: CO3JIAETCS KapTa IpH-
3HAKOB C TIOMOIIBIO M3BJICUYEHUsS KIFOUEBBIX TOYEK
W3 CTaTUYECKOW YacTH Kajpa U300paKeHHS;

— MOUCK COOTBETCTBHMH: OTBICKHBAIOTCSI COOTBET-
CTBYIOIIME NPU3HAKH B CTaTHUYECKUX OOIACTIX H30-
OpaxxeHus;

— MUHMMU3ALMs OMIMOKH: ONTHMHU3UPYEM IMO3Y
KaMepbl, MUHIUMHU3UPYS OLMIMOKY PENpOeKLrH, KOTO-
pas mpeacTaBisieT coboil pazHUIYy MeXITy HaOIto/ae-
MBIMH TOYKaMH W300paXeHUsI U CIPOSIUPOBAHHBIMH
ToukaMu U3 3D-Mozenu ¢ UCIOJIb30BAHUEM TEKYIIEH
O3Bl KaMEpBHI.

[IpencraBneHHbIi TOAXOJ TPEACTABISET COOOi
6onee d(PexTHBHBINA BBIYMCIUTEIBHBI BapHaHT
[0 CPaBHEHHMIO C METOAOM, HcHoib3yembiM B ORB-
SLAM2. B ommune or ORB-SLAM2, Bxox 0Jioka
IpeacKa3aHus 103bl B pa3pabOTaHHOM CHCTEME CO-
crour 3 RGB-kagpoB C¢ MackamMu CErMEHTAllWU.
C mnoMOLIBI0 MAacOK OCYILECTBISCTCS H3BJICUCHHE
ORB-mpu3HakoB U3 CETMEHTOB HM300pa’keHHs, KOTO-
pble KnaccupuuupyroTcs Kak crtatudeckue. Kpome
TOr0, U3-32 BBICOKOM T'paJUEHTHOW MPUPOABl KOHTY-
POB CETMEHTOB YAAJSIOTCS KJIIOYEBBIE TOYKH, TOMa-
JAroIe Ha KOHTYPBI.

2. DKCITEPUMEHTAJIbHBIE UCCJIEJOBAHUS

2.1. Vcnosus sxcnepumenmos
HcTouHNKH BUI€OpPHAI0B

Jlist IpoBEepKU HaJEKHOCTH M TOUHOCTH CHCTEMBI
DDR-SLAM B peanbHbIX AMHAMUYECKUX YCIIOBHUSIX
ObuIa MTPOBE/IEHA Cepusl HKCIIEPUMEHTOB C Pa3IMYHbIX
touek 3perus. Onenka DDR-SLAM ocymiecTBisiiach
¢ wucnonp3oBaaneM KITTI Odometry Benchmark
n HabOopa nanubix Cityscapes. Beibop HabopoB naH-
HBIX 00ycnoBiieH TeM, yTo SLAM TpeOyeT CHHXpOHU-
3MPOBAaHHBIX CTEPEOIIOCIIE0BATEIILHOCTEH C OTKOp-
PEKTHPOBaHHBIMH N300paKCHUSIMH.

AnpuopHbie 3HaHus HeiipoHHoi ceTu DDRNet,
HCIOJIb3YEMOM B JKCIIEPUMEHTe

BxarouaroT B OCHOBHOM KJIACCHI MOABHKHBIX 00B-
CKTOB (YCJIOBEK, BEJIIOCHIIE], aBTOMOOMIIb, MOTOIIUKII,
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aBTOOYyC, IMOE€3ll, TPY30BHK H T.JA.), KOTOPBIE MOTYT
OBITH PAcIO3HAHBI CETHI0. MoOIenb C anpuOPHBEIMU
3HaHUsIMH ocHoBaHa Ha cetd DDRNet-23-slim, koTo-
pas Obuta oOyueHa Ha HaOopax naHHBIX [mageNet,
Cityscapes u KITTI360.

JKcnepuMeHTAIBHAA cpeaa

OKcllepUMeHTaJIbHasl Cpea BBINOJHEHUS IIpen-
CTaBJIsieT cOOOH KOMIBIOTEp ¢ KOH(UTypaluen: mpo-
rieccop Intel Core 17-9700K @ 3.60 I'T'w, 8 I'b omepa-
TuBHOM mamsaTu U Bujeokaptoil NVIDIA GeForce
RTX 2060 ¢ 6 I'b Buneonamsaru.

2.2. Oyenka 3¢hghexmusnocmu
Ha nabope dannvix KITTI

Habop nmannabix KITTI sBnsercss omHUM U3 KpyII-
HeHImMX HaOOpOB IAHHBIX AJS OLIEHKU ajIrOPUTMOB
KOMIIBIOTEPHOTO 3pEHHS B KOHTEKCTE aBTOHOMHOTO
BOXKJIEHUS, OCOOCHHO ISl KPYMTHOMACIITAOHBIX CIIe-
HapueB. KITTI BkirouaeT MHOXKECTBO IOCIEN0OBA-
TEJNBbHOCTEH, HN300paXKalOMMX peajbHbIe YINYHBIC
CLICHBI, COIPOBOXKJA€MbI€ TOYHBIMH JAHHBIMH O Me-
CTONOJIOKEHUH, coOpaHHBIMU ¢ momotbto GPS u na-
3epHOTO ckaHepa Velodyne. J[ns mpoBeneHHs 3Kcre-
pumeHTa oTtoOpano 10 mocienoBaTeNnbHOCTEH A

S MYPXWMXK u gp.

cpaBHeHus: Tpaektopuii DDR-SLAM, mnonyuyeHHBIX
ISl 3TUX IOCJIENO0BAaTEIbHOCTEH. ¢ 3TAIOHHBIMU IIy-
TamMu 17 mipoBepku dddextuBHOCTH DDR-SLAM.
BriOpaHHbIe TIOCIICIOBATEILHOCTH BKJIFOYAIOT CIIEHBI
Ha aBTOMAarucTpasiX, FOPOACKHUX I0porax, 3aropom-
HBIX J0pOrax M JPYrux. OTH CLEHBI JEMOHCTPUPYIOT
TUIUYHBIE OOBEKTHI, BCTPEYAIOIIUECS B PEaITbHBIX
YJIUYHBIX YCJIIOBUAX, TAKHUE€ KadK ICHICXO/bI, BCJIOCH-
HeAbl, MOTOLMKIBI, ABWXYIIMECS TPAHCIIOPTHbIE
CPEJICTBa, PUIIAPKOBAHHBIC aBTOMOOMIM Ha 000YMHE
M T.1.

Husa ouenkn npomsBomutenbHocTn ORB-SLAM?2
u DDR-SLAM wucnons3oBanu ONEHKH aOCOIIOTHOM
ommOku o036l (APE), BKirodas cperHeKBapaTHIHYIO
omnbky (RMSE), cpeanioto ommbky (Mean), menu-
aHHyto ommoOKy (Median) u cTaHmapTHOE OTKIIOHEHHE
(STD). Jlns monyuenus oueHok APE u renepanuu
TPACKTOPUI JBWKCHUS WCIONb30BaH makeT Python
evo. BrlpaBHUBaHNE TPAEKTOPHUI € 3TAJIOHHBIM IIyTEM
He Hucnonb3oBasoch mpu pacuere APE, uro no3somiu-
710 ONy4YHuTh 00bekTuBHEIE olleHkn APE 6e3 3anmxke-
Hus. B Tabn. 1 mpencraBieHbl CTaTUCTUYECKUE OIICH-
ku ommOku APE, momydeHHbIe A1 TpaeKTOPHii, BOC-
CTaHOBJIEHHbIX ¢ ToMombeio pemennit DDR-SLAM
1 ORB-SLAM?2 nmnst y9acTBYIOMIMX B arpoOariiu mo-
crenoBareibHOCTEH 13 Habopa KITTL

Tab6a. 1. Craructuueckue oueHky ommoOku APE, nmomydeHHble U TpaeKTOpHUii, BOCCTAHOBIICHHBIX C TIOMOILBIO PELICHUN
DDR-SLAM u ORB-SLAM?2 s y4yacTBylomux B anpoOanuu rnociegaoBarensHocTeld u3 Habopa KITTI

[TocnenoBarenbHOCTH VSLAM-permienue RMSE Mean Median STD
DDR-SLAM 9.83 8.80 8.54 4.38
v ORB-SLAM2 8.99 8.11 7.93 3.894
DDR-SLAM 13.41 12.50 13.83 4.85
" ORB-SLAM2 26.61 23.85 28.48 11.17
DDR-SLAM 13.63 13.07 13.37 3.87
” ORB-SLAM2 14.28 13.31 12.95 5.15
DDR-SLAM 9.10 7.80 7.51 4.69
» ORB-SLAM2 8.85 7.61 7.51 4.52
DDR-SLAM 2.60 2.23 1.99 1.34
. ORB-SLAM2 2.19 1.88 1.61 1.12
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ITocnemoBaTeabHOCTH VSLAM-pewenue RMSE Mean Median STD
DDR-SLAM 2.81 2.62 2.64 1.02

» ORB-SLAM2 2.54 2.36 2.35 0.94
DDR-SLAM 2.98 2.633 2.50 1.38

v ORB-SLAM2 2.37 2.07 1.96 1.14
DDR-SLAM 13.70 13.53 13.47 2.18

" ORB-SLAM2 14.98 14.63 14.43 3.25
DDR-SLAM 8.51 7.11 8.51 4.67

" ORB-SLAM2 8.22 6.69 5.56 4.78
DDR-SLAM 6.48 5.35 4.04 3.66

v ORB-SLAM2 6.31 5.31 4.42 341

2.3. Oyenxa s3¢ppexmusrnocmu
Ha Habope oannvix Cityscapes

Hns ouenku s3¢pdexrnBHOCTH DDR-SLAM B pak-
TUYECKUX YCJIOBHMSIX WCIOJNb30BaH HAOOp JaHHBIX
Cityscapes. HecMmoTpss Ha TO, 4TO HAOOp JaHHBIX
Cityscapes B OCHOBHOM TIpEIHa3HA4YEH ISl TOHMMa-
HUS CIIEHBl M CETMEHTAIUU M300paXKEHUIA, OH BKIIIO-
yaeT cepuro u3 6onee 100000 kaapoB, 3amucaHHBIX
CTepeoKaMepoi ¢ BBICOKOM dacToToi Kaapos (17 kau-
pog/c). Kamepn! B HacTpolike Cityscapes UMEIOT IIH-
POKUI JUHAMUYECKUI AMANa3oH, YTO MO3BOJIAET 3a-
XBaTbIBaTh  BBICOKOKAYECTBEHHBIE  W300paKEHUS
B CJIO’KHBIX YCJIOBUSIX OCBEIICHUS YIUYHON CPEabl.

K coxanenuro, Habop nanHbix Cityscapes He Ipe-
JOCTaBIISICT ATAJOHHBIX JAHHBIX IS KaXIOW Iocie-
JOBaTEJILHOCTH H300pak€HUH, a TOJBKO HETOYHYIO
unpopmaro GPS/omomMeTpun TpaHCIIOPTHOTO CPeji-
CTBa, YTO 3aTPyAHSAET TOYHYIO OLIEHKY IPOU3BOIM-
TCJIBHOCTH BPI3yaJILHOI>'I OIOMCTpPHUH.

Tem He MeHee m300pakeHHs] M3 HAOOpa MaHHBIX
Cityscapes cojiepkaT MHOXECTBO JIBUXKYIIUXCSA 00b-
€KTOB, BKJIIOYasi aBTOMOOWJIM, TpaMBau U I'PY30BHUKH.
Js OIIEHKM TOYHOCTH Pa3padOTaHHOW CHUCTEMBI OT-
CIIC)KMBAHUs H3BJICKAOTCA MCHBIINEC CCTMCHTHI, Ha-

HAYYHOE [NPUBOPOCTPOEHMUE, 2026, Tom 36, Ne 1

3piBaemMble S1, S2, S3 u S4, U3 JIMHHOM ITOCJIeI0Ba-
TeJabHOCTH Habopa naHHbIX Cityscapes, a HMEHHO,
ctepeornocienoBarenbHocTH Frankfurt. M3BneueHnspie
CEerMeHTHl UMEIOT paznuunyio JuHy oT 400 1o 5000
KazmpoB. s kaxaol HEOOJIBIION MmocenoBaTebHO-
CTH BBIYHCIISUINCH 3TAJOHHBIE IO3bI Kamepbl C HC-
nosibp3oBanueM koopauHaT GPS u meroma mpoekiuu
Mepxkaropa.

Jns ycrpaHeHUs HETOUHOCTEW B 3TAJIOHHBIX JIaH-
HBIX, coOpaHHBIX ¢ momomsio GPS, ucmonp3oBanock
npeobpazoBanune SE(3) misi BbIpaBHUBAHHSA TPAEKTO-
puii. B pesynpTare noixydeHo Ooiiee TOYHOE COOTBET-
CTBHUEC OLICHCHHBIX TpaeKTOpI/Iﬁ OTAaJIOHHBIM TPACKTO-
pusiMm. B Tabn. 2 mpexacraBieHBl CTaTUCTUYECKHE
oteHKH ommOku APE, monmydeHHbIe sl TPaeKTOPHIA,
BOCCTAHOBJICHHBIX C IIOMOIIBIO pemeHuid DDR-
SLAM u ORB-SLAM2 nnst ygacTByrOIUX B anpoda-
uuu  ¢parMeHToB mocienoBarenbHocTH  Frankfurt
n3 Habopa Cityscapes.

Onwucanne  (parMEeHTOB  IOCIENOBATEILHOCTH
Frankfurt u3 nabopa Cityscapes, UCIOIB3yEMBIX JIs
anpobanmn DDR-SLAM, mpencraBieno B Tabm. 3
W Ha PUCYHKaX.
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Tabu. 2. Craructuueckue oneHky omnOku APE, momydeHHsle U1 TpaeKTOPUil, BOCCTAHOBICHHBIX C MOMOILBIO PEIIeHUH
DDR-SLAM u ORB-SLAM?2 nanst yyacTByIOIIMX B anpobauuu (pparMeHToB mocienoBateiabHoctd Frankfurt u3 Habopa
Cityscapes

®parmeHT
MOCIIeA0BATEIbHOCTH VSLAM-permienue RMSE Mean Median STD
Frankfurt
DDR-SLAM 2.47 2.01 1.74 1.43
! ORB-SLAM2 8.06 4.20 1.53 6.88
DDR-SLAM 3.29 2.77 2.38 1.77
> ORB-SLAM2 3.39 2.82 2.41 1.88
DDR-SLAM 4.64 4.10 3.93 2.17
> ORB-SLAM2 4.63 4.09 3.95 2.16
DDR-SLAM 0.31 0.27 0.25 0.14
> ORB-SLAM2 0.31 0.27 0.24 0.14

Taba. 3. Onucanne ¢parmeHToB nocnenosatenbHocTH Frankfurt u3 Habopa Cityscapes, HCTIONBb3yeMBIX AJIS anpoOarun
DDR-SLAM

®parmMeHT Mecto

CueHapuu IBUKEHUS aBTOMOOUIIA
nocienosarenbHocT Frankfurt * CBEMKH liCHApHH 1L

ABTOMOOMITb IPUOIMHKAETCS K PETYIINPYEMOMY CHUTHAJIAMHU
CBETOGOPOB TMEPEKPECTKY W OCTAHABIMBACTCS 10331
CTOSIILIEr0 Ha MepeKkpecTke rpy3oBuka. Ilo mepe npubimxke-
S1 (42400-43400) ropon HUSL aBTOMOOWJISI K TPY30BHKY MOCIEIHUN CTAHOBHUTCS JI0-
MUHHUPYIOIIMM OOBEKTOM cleHbl. Kak TOJBbKO 3aropaercs
3eJIeHbIH CUrHall cBeTo(opa, rpy30BUK HAUMHAET IBI)KEHHUE
BIIEpEJI U OTpbIBaeTCs (puc., a).

ABTOMOOMIIb TTOBOPAYHMBAET HAIPABO IEpel TPYIION Iie-
MexX0J40B, KOTOPBIC CTAHOBATCA JOMUHHPYIOIIHUMU 06’BCK-

S2 (55050-55400) ropozn
TaMH CLEHBI M, KaK CJIEACTBHE, OCIOXHSIOT OIpeJeNIeHne
1o3sl (puc., 0).
JloMuHUpYIOIAM OOBEKTOM CIIEHBI JJIsi  aBTOMOOWIIS,
S3 (13 110-13 400) ropon CTOSIILIEr0 Tepea TEUIeXOJHBIM TepeXo/IoM, CTaHOBSTCS

NEPeXoAsdlINe YJMIly IEIIeX0Abl U BCTPEUHBIH aBTOMO-
OuJIb, IOBOPAYMBAIOIINH HAIEBO (PHC., B).

TpamBaii poe3xaeT HEMOCPEICTBEHHO NEPE] JBUKYIIUM-
S4 (76 000-76 300) TopoJ Cs aBTOMOOWIIEM M TE€M CaMbIM CYIIECTBEHHO HCKa)KaeT
OIICHKY MO3HI (pHuC., T).

[Ipumeuanue: B cKOOKaxX MPUBOIATCS HOMEpa IEPBOTO M ITIOCIEAHEr0 KaapoB rocienoBarenbHOCTH Frankfurt, kotopsie
ONPENEIAIOT NocyeoBareabHoCcTH S1-S4.

HAVYYHOE ITPUBOPOCTPOEHME, 2026, Tom 36, Ne 1
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Puc. Cuenapuu ABHKEHUs aBTOMOOWIIS, peain3yeMble niocienoBatensHoctsiMu S1 (a). S2 (6). S3 (B) u S4 (1)

3AKJIIOYEHUE

B mHactosmeit pabore mpeacTaBieHa cHcTEMa
DDR-SLAM kak Macmirabupyemas MOHO-/CTEpEo-
cucrema BusyaiabHoro SLAM, ocHOBaHHast Ha CeMaH-
THUYECKOW OCBEIOMJICHHOCTH U CHOCOOHas paboTaTh
B pCAJbHOM BpPEMEHH B IMHAMHYECKHX YCJIOBHUSX.
Cucrema DDR-SLAM mnportecTipoBaHa Ha peabHbIX
TaHHbIX. KOoJIM4ecTBEHHBIE OLEHKH MPOU3BOIUTEIb-
Hoctn DDR-SLAM moarBepkmatoT, 4TO METOH JIOC-
TaTOYHO J(PPEKTHBHO CHPABIACTCS CO CIOKHBIMU
CUTyallUsIMM, B KOTOPBIX TPATULHOHHBIE METOIBI
VSLAM HCHBITHIBAIOT 3aTPYAHEHHS, U COXpaHSET
cBOIO 3(PPEKTHBHOCTh B CTATHYECKHX CPENax, XOTS
MOKET WMETb OTrpaHHYeHHUs, Korga OOBEKTHI, CUH-
TAloIecs CTATUYHBIMHM, HA CAMOM Jelle HaxXOAsTcA

HAVYYHOE ITPUBOPOCTPOEHME, 2026, Tom 36, Ne 1

B JIBIDKEHUM WMJIM KOI'Za OOBEKThI, CUMTAIOIIUECS IIU-
HAMHYECKHMH, Ha CaMOM JieJie HEMoJBWXKHBEL. B Oy-
Iymux paboTax IUIAaHUpPYeTCs J00aBUTh OTCIIEKHBA-
HHUE W MPOBEPKY T'e€OMETPUIECKOI MpaBaonogo0HOCTH
JUIA PELICHUS] YKa3aHHBIX NPOOJIEeM U IOBBIICHUS
TOYHOCTH TIpeIokeHHoro Metona DDR-SLAM.

Hccnedosanue svinonnerno 3a cuem epanma Poccuiicko-
20 HayuHozo gonoa Ne 25-27-00361,
https://rscf.ru/project/25-27-00361/
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The paper illustrates the possibility of using a deep dual-resolution neural network (DDRNet) for solving the
problem of real-time detection of moving objects (pedestrians, cyclists, cars, etc.) in images. The paper also
presents a DDR-SLAM software solution in the field of VSLAM (Visual Simultaneous Localization and Map-
ping) in dynamic environments. This VSLAM solution is, in fact, an improved implementation of the ORB-
SLAM?2 framework, in which the DDRNet neural network is used to mask moving objects. The results of expe-
rimental testing of DDR-SLAM on image sequences from the KITTI and Cityscapes datasets demonstrate that
DDR-SLAM ensures low positioning error values in the following scenarios: vehicle movement in dense traffic;
long-term stay of a vehicle in a traffic jam; slowing down the movement of a vehicle before an intersection, to
which other vehicles are also approaching, etc. It is also shown that DDR-SLAM confidently outperforms the
VSLAM solution ORB-SLLAM?2 in terms of positioning accuracy in scenarios where there is a large number
of moving objects. The source code of DDR-SLAM is available at the link
(https://github.com/YznMur/DDRSLAM.git).
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INTRODUCTION

Autonomous (unmanned) driving technologies are
currently being rapidly developed worldwide [1, 2].
The use of visual simultaneous navigation and map-
ping (VSLAM — Visual Simultaneous Localization
and Mapping) methods allows one to obtain informa-
tion about the environment using only video cameras
as sensors [3—5]. Using VSLAM can be challenging in
dynamic environments where moving objects such as
people, cars, and bicycles are present. Their presence
can lead to algorithm errors and incorrect position
estimates and map construction.

In the past decade, the use of VSLAM in autonom-
ous robotics has been rapidly developing due to its
low cost and compact size. A Mono-SLAM system
[7], a monochrome SLAM system for real-time opera-
tion, was proposed in [6]. [8] presents a camera track-
ing system for augmented reality (PTAM — Parallel
Tracking and Mapping), which is proposed to divide
the system into two main flows (tracking and map
construction) to increase the robustness of SLAM. In
[9], a direct tracking method with a probabilistic solu-
tion is proposed to take into account the influence of
noisy depth values on the tracking process. In [10,
11], approaches are presented that allow, without the
need for feature extraction and the use of robust
matching methods in motion estimation, combining
characteristic points with direct tracking of the optical
flow. The direct method has become popular due to its
computational efficiency [12]. However, its insensi-
tivity to features is a significant problem. In SLAM,
accurate estimation of the robot’s pose and plotting of
an environment map are critical, and the limitations of
the direct method may hinder the achievement
of these goals. The limitations of the direct method
can be overcome using the visual inertial odometry
framework [13], ORB-SLAM (ORB — Oriented
FAST and Rotated BRIEF) [14], and ORB-SLAM?2
[15], which are feature tracking-based applications of
SLAM.

In most SLAM systems, dynamic features (such as
pedestrians and vehicles) are considered false data. As
a result, these features are not included in the map and
are not used for camera tracking. Common approaches
for processing dynamic features include outlier rejec-
tion algorithms such as RANSAC (RANdom SAmple
Consensus) [16] in ORB-SLAM [17] and robust cost
functions in S-PTAM [18]. In recent years, deep
learning methods have been used to improve localiza-
tion and mapping in dynamic environments; the algo-
rithms of these methods can perform object detection
and segmentation in real time with sufficient accuracy
[19, 20].

In [21], the SLAMIDE (Simultaneous Localization
and Mapping in Dynamic Environments) method is
proposed, which estimates the state of 3D features

(stationary or moving) using a generalized expectation
maximization algorithm and uses reversible data link-
ing to incorporate moving objects into a unified
SLAM framework. In [17], an offline visual SLAM
system, DynaSLAM, is presented, which, based on
ORB-SLAM2, adds the ability to detect moving ob-
jects and improves robustness in dynamic scenarios
for mono-, stereo-, and RGB-D configurations. In Dy-
naSLAM, images are passed through a convolutional
neural network (Mask R-CNN), which performs pix-
el-level semantic segmentation for all a priori moving
objects (e.g., people or vehicles). In [22], a monoch-
rome semantic SLAM framework called Dynamic-
SLAM is proposed. The architecture uses a Single
Shot Detector (SSD) which detects objects and inte-
grates prior knowledge to semantically identify mov-
ing objects in a new detection stream. To improve the
existing SSD network, which is prone to low detection
rates, the paper presents a missed detection compensa-
tion algorithm based on velocity invariance in neigh-
boring frames, which significantly improves the de-
tection rate. In [23], Dynamic-DSO is proposed,
which combines direct methods with deep learning to
exclude moving candidates from key frames. All the
above-mentioned studies demonstrate significant ef-
forts aimed at addressing the challenges associated
with dynamic environments in the context of
VSLAM.

In this paper, we propose a DDR-SLAM system
that utilizes DDRNet [24]-based object segmentation
to achieve accurate and robust SLAM performance in
dynamic scenarios. DDR-SLAM is a mono-, stereo-,
and RGB-D SLAM system for dynamic environments
that simultaneously estimates camera positions, maps,
and trajectories of moving objects from camera im-
ages. As a basis, the ORB-SLAM?2 system [15] was
used: it allows for local construction of a map. To en-
sure the efficient operation of the visual SLAM sys-
tem in a dynamic environment, DDRNet is used to
identify and segment moving objects, such as pede-
strians and vehicles, at the pixel level. DDR-SLAM
successfully operates in real time under complex dy-
namic conditions in open areas. The system addresses
localization, bundle adjustment, loop closure, sparse
reconstruction, and other problems in the presence of
pedestrians and vehicles.

1. GENERAL CHARACTERISTICS
OF THE DEVELOPED VSLAM SOLUTION

1.1. Applied operational tools

To improve the accuracy of determining the posi-
tion and orientation of unmanned vehicles (UVs) us-
ing the ORB-SLAM?2 framework, it seems appropriate
to enhance it by implementing a moving object detec-



tion unit and extracting keypoints only for those im-
age areas that do not contain such objects. In this re-
gard, as part of the research, a method for detecting
moving objects in UV camera images using the
DDRNet neural network [25] was developed. The
DDR-SLAM VSLAM solution, a modification of the
ORB-SLAM2 VSLAM solution, was implemented. In
this solution, moving object masking is performed
when keypoints are detected in images.

The implementation of the moving object detection
method is based on the DDRNet-23-slim model,
which enables semantic segmentation of images in
real time and provides segmentation maps for images
that better match reference maps than segmentation
maps obtained using artificial neural networks (ANN)
such as Fast-SCNN [26], DFANet [27], ERFNet [28],
BiSENet [29], ICNet [30], DABNet [31], EDANet
[32], etc. It is also worth noting that in order to detect
moving objects in images obtained by UV-cameras,
the DDRNet-23-slim model was trained on images
from the KITTTI (https://www. cvlibs.net/datasets/kitti)
and Cityscapes datasets (https://www.cityscapes-
dataset.com).

Detecting moving objects in an image using the
DDRNet network involves feeding the image to the
DDRNet network, which then generates binary masks
corresponding to selected classes of moving objects
(pedestrians, cyclists, cars, trucks, etc.). After
combining all the resulting masks, a final mask is
created for all moving objects detected in the image.

The developed DDR-SLAM solution operates as
follows. Initially, images captured by the cameras are
passed through the DDRNet network, which detects
moving objects in the images. Subsequently, for each
image input to the DDRNet network, a mask is
generated for all moving objects detected in the
image. In the next step, the generated masks are
superimposed on the corresponding images, and
keypoints are extracted only for those sections of the
images that do not contain moving objects detected by
the DDRNet network. Next, using the identified
keypoints in the images, the position of the vehicle's
cameras is detected and refined in the same manner as
in ORB-SLAM?2 to construct the vehicle's trajectory.

1.2. Segmentation of potentially
dynamic content using DDRNet

For semantic image segmentation, the DDRNet
neural network, characterized by high performance
and enabling real-time semantic image segmentation,
was used. To detect potentially moving objects,
synchronized grayscale or color images are fed to the
DDRNet input. The DDRNet outputs masks
corresponding to classes of potentially moving objects
(pedestrians, cyclists, cars, trucks, etc.). For example,
if the DDRNet input is an RGB image of size
MxNx3, the output is an array of size MXNxL, where

L is the number of objects in the image. Each output
channel produces its own binary mask. By combining
these masks, a resulting mask can be obtained for all
potentially moving objects in a single frame —
a complete image segmentation map. The
segmentation map shows the location and contours of
each moving object detected by DDRNet.

1.3. Low-cost tracking

After segmenting moving objects in an image, the
camera pose is determined using the static portion of
the image. Once potentially moving objects are
isolated, their boundaries typically become areas of
high contrast, and characteristic keypoints appear.
However, these features within the contour regions are
not used in the analysis. To track the camera pose, the
following steps are performed:

— feature extraction: a feature map is created by
extracting keypoints from the static portion of the
image frame;

— matching: matching features are found in static
areas of the image;

— error minimization: we optimize the camera pose
by minimizing the reprojection error, which is the
difference between the observed image points and the
projected points from the 3D model using the current
camera pose.

The presented approach is a more computationally
efficient alternative to the method used in ORB-
SLAM?2. Unlike ORB-SLAM?2, the input to the pose
prediction block in the developed system consists of
RGB frames with segmentation masks. Using the
masks, ORB features are extracted from image seg
ments classified as static. Furthermore, due to
the highly gradient nature of the segment contours,
keypoints falling on the contours are removed.

2. EXPERIMENTAL STUDIES

2.1. Conditions of experiment
Sources of video sequences

To test the reliability and accuracy of the DDR-
SLAM system in real-world dynamic conditions,
a series of experiments were conducted from various
perspectives. DDR-SLAM was evaluated using the
KITTI Odometry Benchmark and the Cityscapes data-
set. These datasets were chosen because SLAM re-
quires synchronized stereo sequences with corrected
images.

Prior knowledge of the DDRNet neural network
used in the experiment

It primarily includes classes of moving objects
(person, bicycle, car, motorcycle, bus, train, truck,



etc.) that can be recognized by the network. The mod-
el with prior knowledge is based on the DDRNet-23-
slim network, which was trained on the ImageNet,
Cityscapes, and KITTI360 datasets.

The experimental runtime

It is a computer with an Intel Core 17-9700K pro-
cessor @ 3.60 GHz, 8 GB of RAM, and an NVIDIA
GeForce RTX 2060 graphics card with 6 GB of video
memory.

2.2. KITTI dataset-based
performance evaluation

The KITTI dataset is one of the largest datasets for
evaluating computer vision algorithms in the context
of autonomous driving, especially for large-scale sce-
narios. KITTI includes multiple sequences depicting
real-world street scenes, accompanied by precise loca-
tion data collected using GPS and a Velodyne laser
scanner. Ten sequences were selected for the experi-
ment to compare the DDR-SLAM trajectories ob-
tained for these sequences with reference paths to test
the effectiveness of DDR-SLAM. The selected se-
quences include scenes on highways, urban roads,
rural roads, and others. These scenes depict typical
objects found in real street environments, such as pe-
destrians, bicycles, motorcycles, moving vehicles,
parked cars on the side of the road, etc.

To evaluate the performance of ORB-SLAM2 and
DDR-SLAM, absolute pose error (APE) estimates
were used, including root mean square error (RMSE),
mean error (Mean), median error (Median), and stan-
dard deviation (STD). The Python evo package was
used to obtain APE estimates and generate motion
trajectories. Trajectory alignment with the reference
path was not used when calculating APE, which al-
lowed us to obtain objective APE estimates without
underestimating them. Tab. 1 presents statistical esti-
mates of the APE error obtained for trajectories recon-
structed using DDR-SLAM and ORB-SLAM?2 solu-
tions for the sequences from the KITTI set employed
for the testing.

Tab. 1. Statistical estimates of the APE error obtained
for trajectories reconstructed using DDR-SLAM and
ORB-SLAM?2 solutions for the sequences from the
KITTI set taken for the testing

2.3. Performance evaluation using
the Cityscapes dataset

The Cityscapes dataset was used to evaluate the
performance of DDR-SLAM in a practical setting.
Although the Cityscapes dataset is primarily designed

for scene understanding and image segmentation, it
includes a series of over 100 000 frames recorded by
a stereo camera at a high frame rate (17 fps). The
cameras in the Cityscapes setup have a wide dynamic
range, enabling the capture of high-quality images in
challenging street lighting conditions.

Unfortunately, the Cityscapes dataset does not
provide benchmark data for each image sequence, on-
ly coarse GPS/vehicle odometry information, making
it difficult to accurately evaluate the performance of
visual odometry.

However, the Cityscapes dataset images contain
many moving objects, including cars, trams, and
trucks. Smaller segments, called S1, S2, S3, and S4,
are extracted from a long sequence of the Cityscapes
dataset, namely the Frankfurt stereo sequence. The
extracted segments have varying lengths from 400 to
5000 frames. For each small sequence, reference cam-
era poses were calculated using GPS coordinates and
the Mercator projection method.

To eliminate inaccuracies in the reference GPS da-
ta, an SE(3) transformation was used to align the tra-
jectories. This resulted in a more accurate match be-
tween the estimated trajectories and the reference
trajectories. Tab. 2 presents the statistical estimates of
the APE obtained for trajectories reconstructed using
the DDR-SLAM and ORB-SLAM2 solutions for the
Frankfurt sequence fragments from the Cityscapes
dataset.

Tab. 2. Statistical estimates of the APE error ob-
tained for trajectories reconstructed using DDR-
SLAM and ORB-SLAM2 solutions for the Frankfurt
sequence fragments from the Cityscapes dataset used
for testing.

A description of the Frankfurt sequence fragments
from the Cityscapes dataset used for testing DDR-
SLAM is presented in Tab. 3 and Fig.

Tab 3. Description of the Frankfurt sequence frag-
ments from the Cityscapes dataset used to test DDR-
SLAM

Note: The numbers in parentheses indicate the first and last
frames of the Frankfurt sequence, which define sequences
S1-S4.

Fig. Vehicle motion scenarios realized in sequences
S1 (a), S2 (6), S3 (B), and S4 (1)




CONCLUSION

This paper presents DDR-SLAM as a scalable
mono-/stereo visual SLAM system based on semantic
awareness and capable of real-time operation in dy-
namic environments. DDR-SLAM is tested on real-
world data. Quantitative performance evaluations of
DDR-SLAM confirm that the method effectively han-
dles challenging situations where traditional VSLAM

methods struggle and maintains its effectiveness in
static environments, although it may have limitations
when objects assumed to be static are actually mov-
ing, or when objects assumed to be dynamic are ac-
tually stationary. Future work plans to add tracking
and geometric plausibility testing to address these is-
sues and improve the accuracy of the proposed DDR-
SLAM method.



