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MepiAndn

Y10 CLVEYWE AVATTUGGOUEVO TEBIO TN POUTOTIXNG, 1) ADOT) TOU TEOBAAUATOC TNS TAUTOYPO-
vne extiunong molag xan yoptoyedenone, to onolo Yo avagpépeton epelnc we SLAM, éyel
xadepwiel wg Paowr| npobnddeon yia Ty eniteudn autdvouny TeYVOhoYLWY. ¢ €va BlEm-
otnuovxo medio, To SLAM cuvdéel apyéc and TIC EMOTAUES TNG POUTOTIXAC Xl TNG OPUONS
UTOAOYLOTGY, UE OTOYO TNV ToaUTOY OV dNUloupYiol EVOC YEETN TOU YMEOU Xol TNV EXTUNCT
e T6Log TOU POUTOT Yoo o€ auTov. AuTh 1 duvartéTnTa amotehel TUAGV plog TANIOEAC
EQOPUOYWY, PETOEY UTWY TNG XVNTAS POUTOTIXNAS, EMITRENOVTAS OE AUTOVOUO GUGC THUOTA Vol
avTihoBdvovton xou va xatevdivovtar uéco oe mepinioxa tepBdAlovta. Av xou 0 0plouog
Tou TPoPAfuaTog xou oL uédodol mou yenowonooLvton yia Ty enthuon tou SLAM €youv
wetudoel 6 oNuoVTiXd Bodud, UEYSAES TROXAHCELS, OTWS 1) BLVIUIXT] PUOT) TV AVUPWTOXE-
VTEWOVY TEPBUAAOVTWY, TURoEVOLY, UE TOAES UTdpy0uoES LhoTooel va BoacilovTon oTny
unodeon Tou oTaTno) x6ouou, Tou cuvidwe TopaBlaleTol.

H avdyxn v ebpwota cuotiuata SLAM €yel odnyfioel otnv otadlomy| eyxatdhew)n autig
e unddeong xou 6Ty 6TeoRH Teog duvouxole SLAM aiyodpriuoug. Av xau €youv undpe-
el moMhEg mpoTdoelg duvoxwy SLAM, n cuvteunte mAsodnelo avtodvy Poaociletar pdvo oe
onueLoxd yopaxtnelo Twxd. (otdoo, 1 épeuva oe otatixd SLAM cucthpata €yel dellet OTL 1
cuUTERIANN TEPLTAOXOTEPWY YEWUETPIXWY OYNUATWY OTwe oL eudelec BUvaTon vo BEATIOOEL
v anodoor). Iapoxivoluevol and auth TNy TopathEno, O oUTH TN BITAWUXTIXY epyocia
onuovpyiooue éva véo duvauixd SLAM clotnua to omolo extud Tig mOleg TNS XAUEROC Xol
TNV %xvNom SXaUTTWY AVTIXEWEVWY, ELOTIOLOVTOSC TOCO GTATIXE OGO ot BUVOULXE oTuelar X
evleiec. Ta eudiypaupo TUARATA £YOUY EVOOUATWIE! UE XUVOTOUOUS TEOTOUE OE XAUE TTUYT
Tou aAyopiduou pag, ve TNy Beitiwon otic avtioTolyioels Toug uéow tNne PeltioTonolnong
NG OTTWXNG PONG, TNV ELCAYWYT GPOV CPIAUATOC GTIC XIVACELS TNG XYUEQUS 0L TV AVTIXEL-
uévwyv, xou otnv Bektiotonoinon naptidag. H mpdtacy| yac doxpdotnxe extevis oe cUVoAa
OEDOUEVOV ECHTEPIXOU Xl EEWTEPIXOD YWEOL Xt EMETUYE onuavTixy Bektiwon oe olyxpl-
on ue dAha obyypova duvouxd SLAM cuotiuata. Ta anotehéoyato pog enédeay 6TL Ta
eudUypopua TuRUaTo BEATIWONY TNV EVEWO TIA, CUVELCPEPOVTIS UE AUTOV TOV TEOTO OF €val

TApws Aettouvpyxd SLAM clotnuo.

AéEeic KAeoud

SLAM, Ontx6 SLAM, Avuvouixé SLAM, SLAM pe Evdeiec, ITpdBrnua Eloyiotonoinong

Mn-Toopuixey Tetporydvey 1






Abstract

In the rapidly evolving field of robotics, the Simultaneous Localization and Mapping (SLAM)
problem has garnered significant attention as a cornerstone for autonomous technologies.
As a multidisciplinary field, SLAM integrates principles from robotics, computer vision,
optimization, and machine learning, with the aim to concurrently map the environment and
estimate a robot’s location within it. This capability is of great importance for a plethora
of applications, including mobile robotics and augmented reality, enabling autonomous
systems to navigate and perceive complex environments. Although the formulation of the
problem and the approaches employed in SLAM have matured in a large degree, with the
emergence of many robust algorithms, major challenges such as the dynamic nature of
real-world environments still remain. Existent solutions often assume a static environment,
an assumption frequently violated in human-occupied spaces.

The need for a robust SLAM system operating in real scenarios has led to the gradual
abandonment of the static world assumption and to the creation of many dynamic SLAM
algorithms. Even though there have been many dynamic SLAM proposals, the vast
majority of them relied on point features. However, research in static SLAM systems has
demonstrated that the use of more complex geometric shapes such as lines can improve
performance. Motivated by this, in this thesis we have created a new dynamic SLAM
system that estimates the camera poses and the motion of rigid objects, by exploiting both
static and dynamic points and lines. Line segments have been incorporated in a novel way
in every aspect of our algorithm, by improving their correspondences through optical flow
refinement, and by introducing line error terms in both camera and object motion, and
in batch optimization. Our proposal has been tested extensively in indoor and outdoor
datasets and has achieved significant improvement compared to other state-of-the-art
dynamic SLAM systems. Our results demonstrated that line segments enhanced the

robustness, thus contributing towards a fully operational SLAM system.

Keywords

SLAM, Visual SLAM, Dynamic SLAM, Line SLAM, Non-Linear Least Squares Problem






Evyoprotieg

[Mpwtiotwe Yo Adeha va euyaploThow Tov emBAERovTa xordynTy| Lou x. IIétpo Mopayxo,
oYL LOVO Yo TNV EUTIGTOOUVY TOL Uou €0eile PE TNV avdeon TN exndvnong Tne mopolcog
OLTAWUATIXAC EpYaoiog, AAAS XoL Yol TO BOAXTIXG TOL EPYO0 OTNV BLEEXELX TWV POLTNTIXWY UOU
YEOVWY, TOU UE EVETVEUGE XAl UE ELOYUYE GTL EMIO TNovixd edta tng ‘Opaone Trohoylotov
XL TOV XNUATwY Ye Tov TAEov dpTio TeoTo. Idtutépwe Vo feha va euyaplothon tov Tro-
Phgro Awdxtopa Toavorydytn Mépunyxoa, yio Tnv xalplol GUVELG(ORE TOU GTO TAUEOY €0YO0 Xo
yioe Tov yeovo mou agiépwoe. H xadodnynot| tou, ot culnTAoELS Lo Xl OL TAVTOL ETXOBOUT-
TéC mapaTNENOELS Tou HToy LoTXAC ONUAclag Yo TNV OAOXANPWCT AUTAC NG EpYaoioC.

Me agoput| TNV 0AOXAfPKGT TV 6ToVdGY dou, Vo RIeAa Vo 86GW TO TO PEYSAO EUYa-
eLo T oToug Yovelc pou, Boaothixy xou Mdplo, xou otnv adeppn wou EAévn, mou oe OAn
oudpxeta tng Lwnhg pou Beloxdvtoucay xovtd pou, oTneiloviag YE AVIBIOTEADS UE TNV TNYa-
loa aydmn Toug. Oa Rieha eniong va evyaploTiow TV EAlva, mou ota ypdvia Twv 6Toudmv
HOU, UOL TORElyE PO TN UTOCTAHELET Xol UE EVETVEE Vot ldan 1) xaAUTERT EXBOY T TOU €0UTOU
pou. Téhog, Yo Nieha vo euyaELOTHCL OGAOLC Lou Toug @lloug, Tadxolg xal aUToVS ToU
ONUIoLEYNOO OTNV TORELX TWV GTIOLBWY UOU, YIo TS OTIYUES TIOU UOLOOC THXAUE, XAl TOU HToV

xordnuEPVE BITAA HOU WG GUYVOBOLTORPOL GE QUTO TO OB Ta&(BL.

ApyOpne M. Mavétog
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1.1

1.2

2.1

2.2

3.1

3.2

Katdloyog Txnuitwv

Hopdderypa xataoxevoouévou ydetn and to Kimera [Ros+21b], éva clotrua
SLAM teheutaiag teyvohoyloc. O ydetne €xet mohhanAd enineda apaipeonc,
an6 1o o e€edxeuuévo eninedo tou Metpixol-Ynuoactohoywol ITAéyuotog
UEyet TO To aateeTixo entinedo twv Ktiplnv. Autd to abotnua xdvel spgavelc
TIC BUYVATOTNTES TOU UTOREL VoL TOREYEL GTAL POUTOT €var HOoVTEEVO omTixd SLAM
oUOTNUA, ETUTEENOVTOC TOL VAL AVTIAGUPBAVOVTOL TNV oy oty Totoloyia Tou
TEPYPBAAROVTOC TOUG. © . v v v v oo o o e
"E€0do¢ ToL cuoThpatog pag: Lnuelo xou sudelec evtonilovian t6c0
o€ oTUTXE 6GO xaL GE BUVOULXS avTIXElUEVD. XapaXTNELOTIXE ToU @aivovTou:
otatd onuela (Kdxnvo), otatinée evdeiec (Mmhe), xou Suvopuxée eudeiec
(ITpdowvo). XNy etxdvo gaiveton xou 1) ToUTNTO TOU €YEL UTONOYLOTEL amd TNV

EXTWOUEVN XIVNOT) TOV QUTOXWVATWV. « . . o o o o o o

Anewévion tne tonodétng Bdpoug, Poaotopévn otny xatavour| otéyo (f = bel)
xou 6TV Tpotevéuevn xatavouh (g = bel) [TBFO5]. . . . ... ... ... ..
Avarnopdotacn tou mpofiiuatoc Tou SLAM w¢ yedpog mapaydvTwy, Tou Te-
Pyl Tic pounotixéc mOleg 1, Ta, T3 Xou ToL opdonua 1, la. Ou xéuPot peto-
BANTOV avTIGTOLYOLY GE AOTIEOUS XUXAOUC X0l OL XOUPB0L oAy OVIWY GE Hodpa
onueio. Ou x6uPol mopaydvTwy cUVEEOVTOL UOVO GTOUSC XOUoug UETOBANT®OY
amo TG OTOlEC EEUPTWVTAL X0 AVATIELG TOUV TEPLOPIOUOVE UETAEY TOV UETABAT-

Y, Tou éyouv dnuovpyniel and yetphoec [DK+17]. . . . . ... oL

Enioxénnon cvothuatog SDPL-SLAM (Static-Dynamic Point-
Line SLAM): Anotekeltan and tpeic ouviothoes: npoeneiepyooio (Mnhe),
evtomopoc (Kitpwvo), o Behtiotonoinon moptidac (Mwp) [MMM24]. . . . . .
ITédvew: Omtxornolnon towv eudeldv mou TepEyovion oTov YdeTn Tou dlatnpect
0 SDPL-SLAM vyuo pla oxnv noine. Kdtw: Eva xapé and tnv axoloudia
0E0OUEVLY oL Yenowonolinxe yio va tapaydetl o ydetne. . . . .. L. L

11
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Kataloyoc Xynuatwy

3.3

3.4

4.1

4.2

6.1

6.2

7.1

TelodidoTaoy, OnTIXOoNOoiNoT ToL 6POU CPAIAUATOG TG ETAVO-
neofoing evdeiag: Ta dxpa tng culdelog Ai_l xau B‘,i_l TeoBdA OV TOL
oto mhaiolo ouvtetaypévey I ota dxpo W(OX,;IAifl) Xl 'n'(OXk_lBifl)
nou opllouv 1o enavampoPalhduevo eudiypaupo tuRue. Ot ontixés poéc (¢,
gbi’b) X0 T dxpat TOL eVYVYPOUUOL TUAUNTOS 6TO TAloto k — 1 (éi_l, f)i_l)
mpootievtan pall wote va avaxtnloly To Topatneolueve axpola onuela Tou
avtiototyou evdiypoppou Tuhuatog oto mhaiowo k. O dpoc ogdhpatoc (3.6)
AVTIOTOLYEl OTIC XVAVES YRAUUUES KOl OVOTORLO TAL TIC AMOC TAGELS TV ENAVATPO-
Bodhbpevov dxpnv tne evdelag (Koxxvo) and v avtiotolyn topatneoduevn

Gnetpn evdeio (lpdowvo). © . o o oo o

AvanapdoTacT YeiPpou tapayovIwy yia opocnua evdetwy: Ilo-
EOUCIEALOVTOL UOVO TOL GTUTIXG Xol SUVOIXE YOROXTNELOTIXE EVVELWY ot OL
Teploptopol mou emBdAiovTon amd autd. Hudapaveic Koxiow: tpiodidotateg
otatxéc eudelec (Ilpdowvo), nélec (Mnie), tplodidotates duvapixéc gulde-
fec (Kdxxvo), petaoynuatiopol xivione avixewévey (Kuvavd).  Adagpaveic
Kxdoi: mepropioyol tpiodidototwv yetpfioeny evdeidv (Iloptoxahi), nepto-
plopol oty xivnon evdeldv Tou avixouy 6to Buvopuxd avtxeluevo d (Pol),

neptoptopol mélac (Madpo). . . . . . o oL

Ytig axoroudieg 0926-0002, Eva ueydho U€QOS TNG BUVOIXOTNTAS TNG OXNVAS
ogeiheton o TodHAATY, TOU TapEyouv VYUY poUpe TUAUT (Tpdotves eudeiec
otV E6VA) TPog aviyveuon oTic pddec Touc. Autd odnyel ot yelwon oty

axp{Bela TNG EVIOTOUOU AVTIXEWEVWY OF QUTH| TNV CUYXEXPUEVT axolouvdia.

Ye mohhég exodveg tng oxohoudlag 0926-0005, aviyvebovton xon evtomilovral
evlelec oe modnhdree, ol onoleg mopoPidlouvy Ty unddeon axaudlag, Ye omo-

Téheoua pelwon oty axpiBelo EVIOTIOUOD OVTIXEWEVODY. . . . . . . . . . . ..

Example of a map created by Kimera [Ros+21b], a state-of-the-art visual
SLAM system. The map has multiple layers of abstraction, from the low-level
Metric-Semantic Mesh to the top-level of Buildings. This system underlines
the capabilities provided to robots by modern visual SLAM systems, by

enabling them to perceive the true topology of their environment. . . . . . .

Output of our system: Points and lines are tracked on both static and
dynamic objects. Features presented: static points (Red), static lines (Blue),
and dynamic lines (Green). Speed calculated from the estimated motion of

carsisshown. . . . . . . ..

Ilustration of sample weight allocation, based on target (f = bel) and
proposal distribution (g = bel) [TBF05]. . . . . . ... ... ... ......

46
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7.2

7.3

8.1
8.2

8.3

8.4

8.5

8.6

Manifold M and its Lie algebra, which is the tangent space at the identity
element. Vectors in Lie algebra (straight green, blue, and yellow lines) are
mapped through the exponential map to the manifold (curved green, blue,
and yellow lines). The vectors in the Lie algebra, in the case of SLAM,
are the updates to the robot’s state, while the manifold is the space of the
robot’s states [SDAIS8]. . . . . . . ... L

Factor graph representation of the SLAM problem, containing robot poses
x1,x2,xs and landmarks [;,lo. Variable nodes are represented with white
circles and factor nodes with black points. Factor nodes are connected only
to the variable nodes they depend upon and represent constraints between

variables, created by measurements [DK+17]. . . . . . ... ... ... ..

Overview of VDO-SLAM system [Zha+21] . . . . . .. ... .. ... ... ..
SDPL-SLAM (Static-Dynamic Point-Line SLAM) system overview:

Consists of three main components: pre-processing (Blue), tracking (Yellow),
and batch optimization (Purple) [MMM24]. . . . . ... ... ... .....

Top: Visualization of lines contained in the map maintained by SDPL-SLAM
for a city scene. Bottom: A frame from the data sequence that was used to

create the map. . . . . . . .. L

3D 1llustrat10n of the line reprojection error term: Line endpoints

Ai L and B _, project onto coordinate frame Iy at the endpoints m(°X, 1A£ )

and 7r(0X 1Bi 1) that define the reprojected line segment. Optical flows
(@7 ¢] P) and the endpoints of the line segment at frame &k — 1 (ak 1 bfC 1)
are added together to retrieve the observed endpoints of the corresponding
line segment at frame k. Error term (8.6) corresponds to the cyan lines and
represents the distances of the reprojected line endpoints (Red) from the

corresponding observed infinite line (Olive). . . . . . .. ... .. ... ...

Factor graph representation for line landmarks: Showcases only static
and dynamic line features and the constraints imposed by them. Translucent
Circles: 3D static lines (Green), poses (Blue), 3D dynamic lines (Red), object
motion transform (Cyan). Opaque Circles: 3D line measurement constraints
(Orange), constraints on the motion of lines that belong to dynamic objects

d (Magenta), pose constraints (Black). . . . . . ... ... ... ... ....

Illustration of the problem of endpoint representation of lines: A
and B are the endpoints of a line segment, C and D are the endpoints of
another line segment, and M is the point on line segment AB that is closest
to segment C'D. An error corresponding to the distance of endpoints A
and B from the other line segment, could get smaller by the endpoints just
moving closer to the point M, as illustrated with A’ and B’. A’ and B’

have a smaller distance from line C'D and thus correspond to a smaller error.

82
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Kataloyoc Yynudrwy

9.1

9.2

In sequence 0926-0002, a big part of the dynamicity of the scene is due to
bikes, which provide line segments for detection on their wheels, represented
by green lines, leading to a decrease in object tracking accuracy in this
specific sequence. . . . . ... oL oL oL 86
In many frames of sequence 0926-0005, lines are detected and tracked on
a human on a bicycle, which violate the rigidity assumption, leading to a

decrease in object tracking accuracy. . . . . . . ... ..o 86
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18 Kegdatowo 1. Ewoaywyt)

1.1 Ewaywyr oto ontixdé SLAM

H pounotiny elvon €val Toy€m¢ AVATTUGCOUEVO ETULOTNUOVIXO TEDLO, TO OO0 ETXEVTPMVE-
TaL OTOV OYEBLIOUO, TNV XATAOXEVY) XL TNV AELTOLEYlo poundT, To omola elvol UnyavES Tou
EMUO TPUTEVOVTAL YL VOL EXTEAECOLY ERYACIEC UE EVay XD OPLOPEVO XAl EAEYYOUEVO TEOTO, GU-
vidog ywelc Tnv avdyxn avipwmivng tapéufacns. O tehxdg otdyog g pounotixig eivar va
ONULOLEYNOEL TIEOYUALTIXG. AUTOVOUN Xl XWVNTS POUTOT Tt oTtolal Yo BUVOVTAL VoL AELTOURYHOOUY
oe mowtha TepBAhovTa, eEXTEAOVTOC TOAOTAOXES ot dlapopeTixég epyaoiec. H onuaocta twv
AUTOVOUWY XWVATWV POUTOT EYEL 1ON apyioel va yiveTon eugavic oe Wior TAIOEO EQUEUOY®Y,
omwe N autdvoun odhynom, 1 e&epedivnon tou Yokdootou Pudol xou Tou BlCTAUATOC, Ol o-
TOGTOAEC DLUCWOTG, 1) ATOTEOTY| TUPXAYLWY, 1) YEWEYIX, 1 QEOVTION NAIWUEVLY Xl TOAAES
dhkec. Elvou Aoimdv euvonto, g n npdodog Twy pOUTOT UTOREL VoL CUVELGPEREL OE CNUAVTIXT
Behticwon Tou PloTiol emmédou Ty avip®Twy, 6TNY TEocTacia Tou TEPUBIANOVTOC Xol GTNY
oovouxt| avinor.

H outovopio twv poundt eivon €var amoutntind €pyo 1o onolo oyetileton aneudeiog ye tnv
IXAVOTNTA TOUG VOl XOTAVOOUY ol VoL AAANAETLOpoUY e To Tepi3dAlov Toug, 1 omolo xard{oTo-
Tan ety péow g adlomoinong evog apriuod awodInthiewy. H avdyxn yia Beitiwon autodv
TWV IXAVOTATWY EYEL OWOEL TO EVOUOUA VIO TNV ELPAVIOT) DLpORWY TEQLOY WY EQEUVIS TNV
poumotixy), mou xadopilovtar amd éva Ao TEOBANUATKY Tol OTolo ATAUTOLY TNHY CUVERYATTAL
TOAMOITAGY ETUC TNULOVIX®Y XASBWY, OTKS TNG OPACTS UTOAOYIG TRV, TNE TEYVNTAS VONUOCUVNG,
e Yewplag eAéyyou, g Bertiotomoinong xo dhhwy. Evo and to onuavtixdtepa tpofiiuata
NG POUTOTIXAS Elvon TO TEOBANUA TOU TaUTOYEOVOU evToTopoU xat YopToypdgnone (SLAM),
70 omnolo elvon {oTnAc onuaciog yioo TRV avtikndn Tou TeEBAAAOVTOC TOU POUTOT Xal TNV
IXOVOTNTOL TOU VoL TAOTYELTOL X0 VOL EVEQYEL GE AUTO.

To SLAM etvon o Yegehicddne xon xohd PEAETNUEVT TIEQLOY T TNG POUTOTIXNAS XL TNS OPa-
ONC UTOAOYIOTMV, CNUAVTIXT VLol EVAL EUPY PACUO EQUPUOYWY, UETOEL QUTWV NS AUTOVOUNG
0BAYNONG, TNG ENAVENUEVNG TTREAYUUTIXOTNTAG Xt TwV ouxlaxdv pounot. To SLAM ctoyelel
otnyv €lpeon TNg TAVOTERNS TEOYLIC EVOS POUTOT, OEQOUEVLV TWV UETPHCEWY TWV oUoUT)-
THPWVY TOU, EVE TOUTOYEOVO XATUOKEVALEL Evay YdpTn tou mepBdihovtog. H Umopln ydetn
ATOTEETEL TNV CUCOWEEVCT) CQUNIATWY OTNY EXTIUNCT TNG TOLAC TOU POUTOT, EVE TUREYEL E-
nlone ovolwdelc TAnpogopies Yot TNV Tonohoyia tou tepBdiiovtog (BA. LyAua 1.1). T tnv
enthuon auvtol Tou TEOlAfuaTog €xouv yenoulorotniel didpopol acINTARES OTKS AGUEPEC,
oty onola tepintwon emhéyetar 1 ovopaoio ontixdé SLAM (vSLAM), IMUs xou LiDAR. H
TG00 OTNV TEYVOAOYIO TWV XAUERHOY %ot 1) EUXOAN TEdclucT, o€ LPNATC TOLOTNTAG XAE-
eec, omwe or RGB-D xduepeg, €youv odnyroet otny avdntuln molhdy edpnotwy VSLAM
GUC TNUATOV.

Ou SLAM ahyoprduol €xouv dlagoponotniel ue TOANOUE TEOTOUS, ONUIOVEYWVTIS UE AUTO
TOV TEOTO TOMAEC avOIXTEC EpELVNTIXES TeptoyE. [ mopdderyua, mowdiio douxd otoryela,
omwe opaior onueta [KMO7; MT17], otouyeio dyxou (voxels) [Ros+21b], surfels [Sco+18]
1) GAAAL YEWUETEIXEG OVTOTNTEG OTw¢ euleieg N emlneda, €youv yenowornomdel yior TNy ovo-

Topdotaon yoetov. Ilapduow, o eviomouds oto ontixd SLAM éyer emtevyvel elte due-
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oa [ESC14] eite yéow tne aviyvevone yopaxtneiotixdy, 6twe o ORB [Rub+11] ¥ nept-
TAOXOTEPWV YEWUETPIXMY oY NUdTwY oTwe evdeiec [Gom+-19], emnéda [Kaelb] # xou ta 800
Tty Pove [Zhe+22].

Av xau €yel undpel onuoavtixy tedodog oto ontixé SLAM xou oto SLAM yevixdtepa,
ME TNV avaTTLEN TOAGDY EDPMCTLY XOL ATOTEAECUATIXWY ohY0pldU®Y, UTHEYOUY aXOUo TOA-
Aéc mpoxAroelc oL onoleg amouteiton var avTweTwmiotoly. Evo deyehnwdec mpoinua etvar n)
wovotnTo Twv SLAM cuostnudtwy va yeipllovton duvouixd TeptBaANOVTA, GTo OTOLoL ToL OLVTUXE-
{ueva xivolvtan, tpootidevton 1 agonpolvtar. Iapadootaxd atny épeuva tou SLAM, o xéouoc
YewpolTtay OTL elval oTaTIXOC X Ol UETEHOEIC OE BUVOULXE OV TIXE(UEVO AVTIUETOTILOVTOY UE
vevuée texVixéc andppihne axpaiwv petprioewy (outlier), énwc to RANSAC [FB81], xou
oLVaETAoELC oQdiuaTog, Onwe 1 Huber cuvdptnon opdhuatoc. Auth 1 Tpocéyyior, wo16co0,
elvoll ETUPEETNC OE CQIAUATA O EVTOVOL BUVOIXE TEPYBAAROVT Xt AOYW TNG UN-XURTOTNTAS
Tou TpofAiuaTog ehaytotomoinong mou yenowonoteitaw 6to SLAM, ou evoamoyelvavteg ma-
PUTNENOELS AXEALWY TYWWY, GUY VA arodeviovTon Wiaitepa emEAUIES 0TV CLVOAIXY axpifBeia
Tou cuoTAUaTOS. ¢ ex ToUTOL, xodloToTaL EUPAVES OTL 1) AvATTUEN EVPWOTWY BUVUULIXWY
cLaTNUATKY elvar {wTixrg onuactiog Yoo T Asttoupylor poundT oe TeaypaTxd TepBdAlovTa,
Ta oTolal XLELIEYOLVTAL ATt AVIPMOTOUS, AUTOXIVTAL XL AN XIVOUUEVA avTLXElUEVOL.

ITap'6ho mou €yer amodetyel 6Tl 1 aflomoinom o TEPIMAOXWY YEWUETEXWY CYNUATLY
6mwe ot eudelec Behtidvouy v evpwotia tou SLAM [Gom+19; Pum+17], Wwitepo o
TEPLOYEC YwEIC VP XoL PE YAUNAO QWTIOUO, EAAYLOTN €pELVA €YEL YIVEL VLol TNV YEHOT TOUS
o€ duvauixd tepBdihovta. Me xivnteo autd xow Ty avdyxn yio oxplBn cuotiuoata SLAM oe
avipwnoxevteind tepi3dhhovia, tpoteivouue éva ahotnuo SLAM to omolo evtonilel ototixd
xa duvod onueior xan evdeieg yioo TV extiunomn Twv Véoewv Tng xduepac xat TS xbvnong

TWY SUVOIXMY OV TIXEEVLY 0T0 YWpo (BA. Lylua 1.2).

1.2 H mpooéyylon Qog, Ol CUVELCPORES UAG KXo 7] OLde-
Vewon NG SITAOUATIXAS Epyaciog

Y1oyog authg Tne Simhwuatixrc epyaoctag Ntav 1 e€owxeinon e 1o medio tou VSLAM,
TIc Baoég apyéc Tou, xon 1 avdnTuEn evoc ahyoplduou o onolog elodyel eudelec WS YewUE-
TEXO YUPAUXTNEOTIXO TNy uToxatnyopla Twv duvouxey SLAM, npoxewwévou va evioyuiet
1 axpifelor xou 1 eupwaTion TOU CUCTAUNTOS Ot BuVoIXA cevdpta. Apyixd, €YIVE ULol EXTEVAC
AVUOUOTNGT TNG LTy oo BSAtoyeaplag, Ue EUQAoT GTIC DIAPORETIXES VEWPNTIXES TPOCEY-
yioeg oto mpoAnua tou SLAM, otig teyvixéc BehtioTononong mou yenotdonoolval, 6T
OLUPOPE TN YAPAXTNELO TIXA TTOU A€LOTOLOVVTOL Yol TOV EVIOTUOUO XOL TNV YOETOYEAPNOT), 0T
undpyovta cuc thpata SLAM xou Wialtepo o exclva tar omolor €youv avamtuydel yio Suvouixd
nepBdriovto.  AoufBdvovtog TN Tol TAEOVEXTAUNTO X0l TIS ABUVOUIES TWV TEYVIXWY TOU
€youv yenowonoiniel, avantdloue éva véo cLotnua SLAM, pe cuvelo@opéc xou xawvotouieg

o€ xqe TTLYN TNG VAOTOLNGHC YOG, OTWS:

o Tnv ollonoinomn ontxAc porc Yo UeYoAUTERO aptdud avtioTolylwy eudeiwy.
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Layer 5: T
Buildings ) N

Layer 4:
Rooms

Layer 3:
Places and
Structures

Layer 2:
Objects and
Agents

Layer 1:
Metric-Semantic
Mesh

Eyua 1.1: Tlopdderypo xoataoxevaouévou ydetn and to Kimera [Ros+21b], éva clotnua
SLAM tekevtoiag teyvoroyiog. O ydptng €xel molhamhd enineda agpaipeone, and to mio e€el-
duxeuuévo eninedo Tou MetpixoU-Xnuactohoyixol IIEyuatog uéypt 1o o apoueeTixd eninedo
v Ktiplov. Autd 1o clotnua xdvel epgavelc Tic SUVATOTNTES TOU UTOREl VoL TOREYEL GTA
EOUTOT éval Yovtépvo ontixd SLAM clotnuo, emtpénovtag tor var avtthauBdvovTtal Tny meay-

potix) Totohoyio Tou TepBdAlovTog Toug.

o Ty eloaynyn 6pwv cQINIATOS ETAVATROBUANOUEVKDY EVUELDOVY YLoL TOV EVIOTIOUO TNG
Véong tng wduepag xou TNV extiunon tne xvnong avTIXeWEvwyY, Ue Tr Toautdypovn Bei-
TiIoToToMoN TNG OMTUXAC PONG WS OLTAT) GUUBOAY.

o Tnv évtadn evdedv otny epin| xan olxy| BehtioTonolnoyn moptldug, Ue TV ELoaYOYN

XAUVOTOUWY CUVIRTHCEWY GPIMIATOG.

e Trv enoirfidevon tng uedddou Yag G AMATNTIXG GUVOAX BEBOUEVMDV %Ol TNC CUYXELOT
Toug Ue duvauixd cuothuata SLAM tedeutalog teyvoloylog.

Ev xatoxheidl, cuvdudlovtog tar mpotepriuata Tov duvauixey SLAM xa v euvdeidy, avo-
ntOlope éva oUOTNUA, TNV am6doon Tou onolou enoiniedouue oe GUVOAL GEGOUEVWY TOGO
£00TEPOV OG0 X EEWTEPIXOU YEOL, xat Selloue OTL emTUYYAVEL XUADTEPX UTOTENEGHUATA
oe oyéon P dAla cucThuata TekeuTalog teyvoroyiag. To undlowmo tng datelfric dopeiton
¢ e€ng:
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Yyfuo 1.2: 'EE0dog Ttou cuoTtrpatog pag: Xnuelo xou evdeieg evtonilovian 1600 o

oTATIXd OGO %ou O BUVAUIXG ovTixelueva. XoEaxTNELOTIXG ToU QaivovTo: CTATIXd oTuela
(Kéxnvo), otatixéc eudeiec (Mmhe), xou Suvouxée evdeiec (Ilpdowvo). Ltnv exdva paiveton

xa 1) T OTNTA TOL €YEL UTOAOYIGTEL OO TNV EXTWOUEVY XIVNOT) TV QUTOXIVATWY.
e X710 deltepo xepdhato opouctdloupe To Pewentind unoBadpo tou SLAM, xadode xou
OYETIXY| EELVAL

e Y10 tpito XePdhno mapouaidlouye cuvontxd 1o VDO-SLAM, éva clotnua teieu-
Taog Teyvoloylog To omolo anotéhece Tny Bdon Tng ulomolnong Uog, xou UE UEYUAN

hentouépeta o SDPL-SLAM, o xawvotépo pag cdotnuo.
® Y70 TETOPTO XEPAALO TTAUPOUGLALOUUE TNV TELRUUOTIXT) 0ELOAOYNOT) TOU GUCTNUATOC UAG.

® Y70 TEUTTO XEQPAAAO ONOXANEOVOUUE TNV EQYACIA UAS Kol TOREY OUUE XATEVIUVOELS Yid

HEANOVTIXY €pELVAL
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2.1 Apyweg npooeyyioelg oto IIpdBAnua touv SLAM pe
Me966oug PiAtpaplopatog

Yo apyd otdda Tng €peuvag tou SLAM, 1 xuplapyn meocéyyiorn yia v Abon Tou
TeofAfuatog AToy U€cw Tou TAvoTIXoU QUATEARICUATOS, CUUGWYO UE TO OTOl0 EXTIUATL
HOVO 1) TEAEUTALO XATAGTACT) TOU POUTOT 1| TNG HAUERUS. LUYUEXPUEVA, DOOUEVKY ULUG CELRAS
TOEATNEACEWY Z1:¢ XL ENEY YWV TWV EVEPYOTOINTMY (actuators) tou poundt Uiy, 0 oToY0g
elvon vo TpocdloploTel 1) xotavour] TiavOTNTAS TOU BLaVOCUATOSC XATAGTACTS TOU POUTOT TNV
xeovixr otiypn ¢, x¢. Axohouvddvrac tic oupBdoec tou [TBF05], cuyfoiilouye tny nenotinon

6TL évol poumoT Peloxeton oty xatdoTaoT Xy w¢ bel(xy):
bel = P(x¢|z1.,u1:)  bel = P(x¢|21:¢-1, u11) (2.1)

H Swgpopd twv 800 mapandve oplouoy evIOTLETUL OTNV EVOWUITWOT 1) Oyl TNG UETENONG
Z; OToV UToloylopo Tng menolinong. ‘Eyovtag oploel ta mopamdve, o Alyopriuog $iltpou

Bayes elvat 0 e€nc:

AXyobprdpoc 1: Teonomomuévoc Ahyderduoc Piktpou Bayes [TBF05]

Data: bel(x;—1),uy, 2

Result: bel(x;)

forall x; do
bel(x¢) = [ P(x¢|ug, x¢—1)bel(x¢—1) dx¢—1
bel(x;) = nP(z|x;)bel(x;)

end

[y

ok WwN

return bel(x;)

‘Onwe unopet vo tapoatneniel, o Aydprduog 1 ywpeilel Ty extéheotn) Tou emavoAnTTixd oe
600 Bruara (i) éva Priua extipnong mou ypnotpomotel Ty xotovour| TETOWCE®Y TG TEONYO-
DUEVNC XATEOTAONC Xt XL TOUS EAEYYOUC Uy xou (i) évar Slopwtind Bruc Tou EVOWUATMVEL
v teheuTalo uETeno.

I va yenowonoiniel o Akydprduog Pihtpou Bayes oty npddn npénet vo yivouv xdmoieg
ATAOTIOLY|CELC:

o DpouuixdtnTar Tou povtéhou xivnong ue tpodcieto yxooualovd Y6puBo €:

xt = Axi—1 + Brug + & (2.2)

o [oouuixdtnTol TOU HOVTENOU PETPNOEWY UE TEOGVETO YXAOLGLvO VORUPO dy:
Zy = CtXt + (St (23)
e H apyu menoidnon bel(xg) axohoudel yxoouoiovy xatavoun, ye Yéco pry xon mivaxa
cuvotaxiuavone Mo.

Trd avtés Tic ouviixeg, eatiog TV WLOTATWY TOV YXAOUCIIVOY XATAVOUWY, UTOpEL

var omodetydel oL 1 xatavoun nemolinong bel(x;) mapouéver yxoouotavh xotovour xadoan
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NV Oudpxela Tng extéleone Tou aiyopliuou. Tpomonowbvtoag xatdhhnha tov Ahyodpriuo 1
oUUpLVA UE TIC Topamdve topadoyéc opileton 0 Yvwotog Alyoprduog Pidtpou Kalman o¢
ey epintwon Tou Alyopiduouv Sidtpou Bayes:
Ay bprdpoc 2: Ahybdorduoc Pidtpou Kalman [TBF05]
Data: p;_q, 31,04, 2¢
Result: pu,, >
1y = Ay y + By
5= A8 1 AT + Ry
K; = 5,07 (05, CF 4 Q)™
pe = By + Ki(z¢ — Cifiy)
Y= (I — KiCy)Sy

return p,, >

S A W N

H nenoidnon bel(x;) avanapiototon uéow 10U LEcou Gpou 1, %ol TOU Tivoxa UVBLXOULY-
oNC X TNC YXAOUCLAVAG XaTovounc Tng, ot Ry, Q¢ etvon ol ivaxeg ouvBlaxOUoveng Twy Yxa-
ouctavey YopUPwv € xan §; avtiotolya, xou to Ky, mou ovoudleton xépdog Kalman, xodopilet
NV emppon] mou Yo €yel 1 Slopopd HETOED TNG EXTYMUEYNG METENONG XAl TNS TEOYUOTLXAS
HETENONG OTN VEXL EXTWWOUEVT XATAC TAUOT).

[Mopdho mou to @rhtpdeiopa Kalman etvor oAl dnpoguréc oe uior mAndopo epapuoy®y,
oL UTOVETELS TOU AMOUTOUVTOL OYETIXA UE TNV YRUUUXOTNTO TV THAvOTIXDY LOVTEADY GTO
SLAM eivou mohl avotneés. Ot yetafBdoeic unopolv va Teplypapoly axei3€oTtepa Ue €Vay Lo

YEVIXEUUEVO TEOTO ¢ eENG:
xp = g(xe—1, W) + & 2z = h(xy) + 0 (2.4)

OTOU g ot h EVOL UN-YRUUUXES CUVORTAHOELS. L€ [Lol TEOCTIAUEL VoL AVTHIETWTLOTEL AUTO TO
TedPBANUa, elofydn to Extetapévo Piktpo Kalman (EKF), to onoio a&iomotel tnv enéxtoon
Taylor mpchtou Barduol yior var SNULOLEYNOEL TOTUXES YROUULXES TTROCEY YIOGES TV CUVIPTHOEWY
g xan h, amo@elyYoVToG UE AUTOV TOV TEOTO TNV UTEQYEVIXEUCT] TNG YRUUULXOTNTOS GE OAO TO
Tedio oplopo) Toug, EMITEETOVTAS aXEBECTERT LOVTIEAOTOIMOT TNG BUVOULXTC TOU GUCTAULITOC

UTO U1 YROUUUIXES GUVDY|XES.

ANy bprdpoc 3: Ahyédprduoc Extetapévou @iktpou Kalman [TBF05]

Data: p,_q, 31,04, 2¢
Result: p,,>;
1y = g(py_q, )
Y = GtEt_lG;[ + Ry
K =S HE (He S HE + Q) !
e = iy + Ki(ze — h(fry))
Y= (I — KH)%,

return p,, >

S R W N

Ouv Gy, Hy ebvan ou ToxwBlovég twv ocuvaptioewy g xou h avtiotoyo. Efvar onuovtixd
vo onuetwdel 6Tt ta anoteréopata Tou Alyoplduou EKF eZaptdvton oe peydho Badud and

TNV TOWOTNTA TNS YRUUUXOTOINoNG Xt TNV EMAOYT TN apyixrc xatdotaong. O Ahyderduog
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EKF extehelton emavoknmind oe xdde ypovixd Briua, xon yio xde uétenon ol mivaxeg puéong
TWAC Xl GLVOLIXOUOVONG EVIUERMOVOVTOL XUTIAANACL UE TNV Tpoo 0 €VOS VEOU OPOU GTNV
TEPIMTWON TOL 1) UETENOT AUTH AVTIOTOLYEl OE €VaL VEO TORATNEOUUEVO 0pOCTIUO GTO TERYBAAAOY
) UE TNV EVNUEPWOT TWV VPLOTIUEVWY Op®Y GTNY TERITTWON evOg YVwoTol opoctjuou. O
Ahyéprdpoc EKF éyet tolumioxdtnra O(N?3), 1 onola propel va amododel oty avtiotpoon
Tou Tivaxor cuvdloxuavone o xdde emavdindm. Auth 1 udniy TohumhoxdTnTo VETEL EVvary
ONUAVTIXO TEQLOPLOUO GTOV LU0 TWV 0POCTUWY oL UTopel va yetptotel o Alyodpriuoc EKF,

%Mo TOVTIC TOV axatdAANA0 Yo TeoBAnuata SLAM peyding xAiyaxoc.

2.1.1 Mn-nopapetpixéc wedodol

Ot y€dodol mou avordinxay otnv TeonyYoLUeVr evotnta diémovtal and TNy unodeon Ot
n nenolinorn bel axohoudel yxaouciavy xatavoun, 1 omolo oV oL YEVIXY AMOTEASOUATIX,
ETUPEPEL OPLOUEVOUC TEPLOPLOHOUC. BLYREXPYEVE, NGy TNne povotpomixfc (unimodal) gbong
TWV YXU0UoLAVOY XoTavou®y, ol Ahyoprduol mou BaciCovtar oto @idtpo Kalman amotuy-
YAVOUV VO OVATIEIG TOOY OWOTA TOAATAEG UTOVEGELS YLl TNV XATACTACT) TOU QOUTOT, Lol
wavotnTa 1 omola eivon {oTixnc onuacioc oe mepiBdhhovta oTor omola TaEOUoLa oVTIXE(UE-
VO UTOPOUY VoL TROXAAEGOUY BLPOROVUEVES UETPHOELS X0 CUVETOS TOMAATAG TOTUXE UEYLIOTO
otnVv xoatavour menofinone. I'a vor avtiyetwniotel autd 10 {RTnua, €youv diepeuvniel un-
TapaueTEé pédodol, ol omoleg SUVAVTOL VO OVAUTOPUG TACOLUY TOAUTAOXES XUTAVOUES TOU
OeV BLtIETOLY AMAY| OVIAUTIXT LOPPT], YENOULOTOLOVTAC Lol TEYVIXT] Belypotolndlog mapduota
ue Tic yetddoug Monte Carlo yio v mpocéyyion tng xatovopnc. Mia amd Tic Mo xowég
Un-opoeTeES uedodoug elvan o @iktpo cwuatdiny, To omoio mpoceyy(lel TNV xoTavour
nemolinong ue éva GUVOAO CLHUATIOIY XE],X?], - ,XLM}, TIOU XATUVEUOVTOL CUUPOVA UE TNV
nemolinon bel. O akydpriuog unopetl vo teprypapel and to emoueva PAUATA, YENOWOTOUVTUS

ToV (810 GUUBOAIGUOG YE TNV TEONYOVUEVT EVOTNTAL

o Apywxn Asvypatondio: M apyxd copatidio derypatornnrodvion and tnv bel(x:)
£dv UTdpPYEL TEONYOUUEVO Ypovixd Brua A amd Tnv apyd xatavopn tenolinone bel(xg)

g t=0.

e Evnuépwon Bdpoug: 'Eva Bdpoc emouvdnteton oe xdde coyatidio tou mponyo-
Vpevou Pruatog Bdoel tne miavogdvelag Tng uéTenong 0edouévng g undleong NG

XATAG TUONG TOU POUTOT Xyt P(2¢]x¢). Auth| 1 Stodixocio amewxovileton oto LyAua 2.1.

o Enavadeirypatorndio: To coyotidi enavaderyyoatoAnmrodvion Ye miovotnTta o-
VIAOYT TV avTioTol WV Papdy TOUS, SLTNE®VIAS UE AUTOY TOV TEOTo TiC LToVECELS

cowpatdlwy mou eivon mo miavég pe Bdon TiC véEg TapaTNEROELC.

Acdouévou 6Tl 0 apiude TwV cwpaTdlwy elval opxetd PeYdhog, 1 ToEATAvVE BLodixa-
ola unopel vo mpooeyyloel TV xatovour mEmolUNoNG, UE TOUC YWEOUS XUTACTACEWY TOU
TEPLEYOUY TTUXVOTERES TEPLOYES CwHATIdlWwY v €youv uPnhotepn mdavotnta. Evag emtuyn-
uévog olyoprduoc SLAM nou yenowomotel o @iAteo cwuoatdiwy elvar o akyopripog Fast-
SLAM [Mon+02], o onolog Paoctleton oto Rao-Blackwellized Particle Filter [Dou+13].
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Béen f(x)/g(x) divovtouw og xdde delypo. Ta
detyporto ye peyohitepa Bden mopouctdlovtan
UE HOXEUTEPEC UTAE YRUUMES A XETE TOUG.

Yyfua 2.1: Anewxdvion tne tonodétng Bdpous, Poaotouévn oty xatavouy| otéyo (f = bel)
xo TNy ToTeEVOUEVN xatavouh (g = bel) [TBFO05].

2.2 Mé90dog Maximum a posteriori

To teheutaior yedvia, 1 €peuva otov Topéa Tou SLAM €yel ouyxhivel mpog Tig uedod0ug
maximum a posteriori (MAP) évavtt twv pedddwy guitpopiopatoc [SMD10] mou neprypdpn-
xav oTic mponyolueveg evotntec. H MAP pébodoc oto SLAM Baciotnxe 6to npwtonoptaxd
épyo twv [LMI7] xou otdyever oty elpeon tou o mdovol cuVBLACHOU TEOYIES TOU POUTHT
X0 XATACTAONC Y P TN BEBOUEVWY AVEEdPTNTWY UETPNOEWY O XAUE Ypovixh oTiyur. Anhady,
€070 OTL 0 GUUPONOUOS X = {X1,..., XN} OVAUQEPETAL OTN OELRE TWV XPUPHOY XATUO TACENDY
TOU POUTOT Xt Z = {Z1,...,ZK } 1] OEPd TWV TAPATNENoW®Y HETENOEWY. XE oqUTH TNV Te-
plnTtwon 1 ebpeon g o TiavAg TEOYLAC TOL POUTOT elval LGOOLVAUT UE TNV UEYIGTOTONOT
e axdrouing ex TV LOTEPWY TAVOTNTOG:
P(z[x)P(x)

P(z) = argmax, P(z|x)P(x) (2.5)

argmax, P(x|z) = argmax,

[Moe Ty e€ayoyr e TEAXNC LORPAC TN TURATAV® GYECTC YENOWOTOLAUNXE O XAVOVAC
Tou Bayes. Trolétovtog pa eviodar miavotnta yior OAEG TIC XATACTACELS TOU QOUTOT XAk TNV

aveZapTnoia Twv petprioewy, N eiowon (2.5) uropel vo amhonouniel nepetaipw, XoTohfyovTog
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oTo xVplo TeoBinua Behtictonoinong tou MAP SLAM:

K
argmax, P(x|z) = argmax, P(z|x) = argmax, H P(zy|Xx) (2.6)

k=1
omou A&, elvon 10 UTOGUVOAD TwV UETABANTGY and To omolo e€aptdton 1 yétenon z. H xoto-
vout P(zg| X)) cuvndac Yempeitar yxaouotavi, ue tov Yoo 6po e (0o pe v npoBhenduevn
T TG HETENOTNS Zj, 1o Thvoxar cuvBlaxdpavoTg £y (oo ue Ty offeBandtnTa Tng Yétenone. H
TpoPienoduevn uétenon vrnohoyileton and éva povtého pétenone hy oc zg = hi(AXy). Ou bpol

070 TEOBAnUa BeATio TOTOINoTC UTOROUY WG AMOTEAEGUO VO YRAUPTOUV:

Pl ) ocexp  ~ (o — (20T o~ (40 ) 27)

‘Onwe oupPaivel cuyvd o TpoAfuata BEATIOTOTOINCNC TOL TEPLAUBAVOLY YHAUOUGCLOVES X0l
Tavouéc TavoTATWY, 1) Tapandve e&lowon YeTaTRENETOL O TPOBANUA ehayic ToToiNoNg ho-
Bdvovtag tov apvnTixd Aoyderduo tng xatavouric TaVoTHTIS, XATAAYOVTUS GTNY axdAouin
CLVHETNOT XOOTOUG:

K
argmin, Y (2 — hp(Xk)) "  (2k — ha (X)) (2.8)
k=1
Ané v nopandve e€icwaon uropel vo e€oyVel, 6TL To opy 6 maximum a posteriori tpoBinua
elvon 1000UVaPo e Eva TEOBANU BEATICTOTOMONG UN-YROUULXGY EAXYICTOV TETEAYWVGY, TO
omofo amoteleiton amd 6poug evEpYELNG oL omolol efval aVIAOYOL TOU TETEAUYWVICUEVOU GQUA-
votog e = 2z — hy (X)) petod e npofhenduevng HETENoNne XL TNG TEAYUUTIXAC UETENOTG.
Emopévee, to mpdfinuoa SLAM pe ) pédodo MAP unopel va avaydel otnyv edpeon twv
HATIAANAWY CUVAPTACEWY EVERYELNG TIOU TEPLYPAPOLY UE oxp(BELo TOUG TEPLOPLOUOUE OV BT
HloupyoLVToL amd TNV %xivnom ToU POUTOT XAl TIG UETEY|OELS.

Emedr) autd 1o mpofBinua Bertiotomoinong etvan un-yeauuixd xon Un-xupTo, 0EV UTGEYEL
NOON UAEWGTAC HOPPTC XA, WG EX TOUTOU YENOWOTOLOUVTAL ETUVOANTTIXES uéVodOL BEATIOTO-
nolnong ywo Ty enthuon Tou. 201600, axdur xou AUTES oL ETAVOANTTIXES HéYodOoL amatToly T
YEUUUXOTIOMNOT TV CUVAPTACEWY XOCTOUS, 1 ontola Uropel v emiteuy Vel y€ow Tou avamTiy-
wotog Taylor me®dtne T8ENC oTN YETOVLE TNS dpytxS EXTIUNONS TNG XATACTAGNE TOU POUTOT
X:

er(X + Ax) ~ er(x) + JpAx (2.9)

omou Jy, elvon 1 laxoBiov Tou hy, wg Teog X utohoyiouévn oto X. OpiCovtoac F = ZkK:1 Fr =
Zle e%Q,;lek, xou ovtxahotdviac Ty (2.9), tpoxintel o e€hc:
Fr(x + Ax) = ex(x + AX)TQZIQk(X + Ax) &~ (ek(k)T + JkAX)TQI;I(ek(X) + JpAx)
= e (%)7Q, Ter(x) +2 (%) T 1T Ax + AxT ITQ, 1Ty Ax
———
Ck b} Hy,

= ¢ + 2by - Ax + AXTHkAX
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xou EMOPEVKS To TeoBAnua BehtioTonoinong molpvel Ty e€AC Lop@N:

K K
F(x+ Ax) = ZFk(fﬁ— Ax) = Z cr + 2by - Ax + AxT HAx = ¢+ 2bT Ax + AxT HAx

k=1 k=1
(2.10)

oTou ¢ = Zle cp,b = Zle by xw H = Zszl Hy. H Béktotn Mon Ax*, n onola
ehayioTonolel Tomxd TNV cuVETNoTN xOGTOLS, UTopel Vo LToAoYloTEl TapaywyilovTag Ty
TOEATAVE CUVEETNOY w¢ TEog Ax xou Y€Tovtag Ty (on e undév, xatoahfyovtag otny e&Xc
elowon:

HAx* = —b (2.11)

Mohic n Moon Ax* Beedel, n véa extiunon tng xatdotaong tou poundt, 1 onola utohoylleton
o¢ X* = X + Ax*. yenowonoteiton wg opyxh extiunon Yl Ty enduevr emavdAndr tou
mpoPBhfuatoc Bektiotonoinong. Auty n emoavaAnmTixr Saduxacia Teptypdpel Tov olyoprduo
Gauss-Newton. 'Evoc dhhoc emovoknmtindg ohyderduoc Tou YenoloToLElTon EUPEWS OTT
Behtiotonoinon oto SLAM eivan o ahyoprduoc Levenberg-Marquadt, o onolog anotehel yia
Tpomornoinon tou akyopliuou Gauss-Newton, mepihopBdvovtog €vay mapdyovta anoofeong

uéow tne mpocéyytone tou Eootavol nivaxa (Hessian Matrix) H pe tov axdhouvdo:
H + A1 (2.12)

To A ebvan o mapdyovtag amdoBeong xau I elvon o Tautotinde mivoxag. H Ador, mapduowa e

v (2.11) mpoépyeton and Ty axdhoudn egiowon:
(H+M)Ax* =-b (2.13)

O nopdyovtag andofeong yetaBdhheton xord” OAn TN Sidpxelar TwY ETUVOAAPEDY, ETLTEETOVTOC
€ToL oTov alyopriuo vo cuumeplpépeTa OTwe o ahyopripog Gauss-Newton dtav 1 Ao
Beloxeton x0vtd 070 eMdytoT0, Xou e o ahybprduoc andtounc xadddou (gradient descent)

otay 1 AOoon anéyel TOALD and auTo.

2.3 BeAtiotonoinon o toAhanhdtrteg (manifolds)

Y1y avdiuon tng meonyoluevng evotntog, Yeweriinxe 6Tl 1 BehtioTonolnon neayuato-
roteiton o€ Evav Euxheldio yopo, yeyovoe mou mapafénel pla xpiown nTuyr Tou TeoBARUaTog
tou SLAM: ot té6lec tou poundt neplopilovton oe par toAamhétnTo (1 omola Yo avopépeton
ot0 e€fic pe Tov ayyAé tne 6po, manifold), AOyw TV TEQOTEOPUMOY TS CUVIOTWOMY.
‘Evor manifold Suagépel and tov Euxdeidio yohpo, xadde cUUTERLPERETAL OIS AUTOS HOVO
TOTXE, UE TOV (010 TEOTO TOU 1) Y1) QaiveTon ENINEDT OE OGOUG CTEXOVTOL OTNV ETULPAVELN TNC.
Mo mopdderyua, 1 Yeéon evog poundT oTov TELGOLCTATO YWEo uropel vo avarapactadel o-
16 tov mivaxa T(R,t) € SE(3), 6mou R € SO(3) xau t € R3 ebvor n nepiotpoph xon 1
petatémon tou poundt avtiotoryo. To SO(3) oynuatilel éva tpodidotato manifold evow-
HETOUEVO péca oE Eva 9-OLAoTATO YWEO, xo®S Ol TUPAUETEOL EVOC Tivoxa TEpLe TROPNG elvon 9.

[pdEeic 6mwe n tpdodeon dev opiloviar 610 SO(3) 6w 6TOUC ELXAEIBLOUS YDEOUS, Xal 1S
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amotéheopa 1 tpoondiela tpdodeonc TocoTHTLY (61K N TEOGVEST UG EVIUEPWONS OTNY
EMAVOANTTIXY EXTEAEST) TOV 0AYORIDU®Y TOU avapéednxay oTnV TEONYOUUEVT UTOEVOTNTA) GE
€vay Vool TEPLO TROPTHC, UTOREL VoL THPAPBLAGEL TOUC ECWTERPIXOUS TEQLOPLOUOUS OV ETUBIAAEL
auté to manifold, onwe eivan 1 opHoywvidTnTa TV TVIXWY TEplIoTEOPTC. Koatd cuvérela,
1 BeAtiotomoinor unopel v anogépet Addog AUGELS, oL 0To{Eg ATATOVY ETAVAXAVOVIXOTIOLNGT)
wote va ebvan Eyxupec. Extoc autod tou {Intipatog, 1 EMAOYY) UAC UTERTUPUUETROTONUEVNS
AVOTOEAC TAGNC YO TNV XATACTAGT] TOU POUTOT, OTWS Ol TVUXES TEQIC TEOPTC Xl T TETEO-
d6via (quaternions)—mou €youv TEPIGOGTERES TAUPOPETEOUS Omd TOUS Tporyatixols Baduoie
eheudeplagc—evogyeTon Vo TpoxoAéceL BeATioTonolnoT un-undexToy Poduny eheudeplag Tou
Yo amoutotoe nepetaipn xavovixonoinor [HPOS].

Emopévwe, Yo umopolce vo unoctrnptydel OTL yio TNV avamaedo TaoT TEQLOTROPWY Ol E-
Nylotee avanapactdoelc (minimal representations), 6nwe ot ywviee Euler, eivar mo xo-
Thknhec. Qotoéco, auth N emhoyr| e€axoloudel vo unv eivon BéATIoTY, Bedopévou OTL oL
YWVIEC aUTEC UTOQEEOLY amd EYYEVY) TROBARUATY, OTKS TO YVWwoTé (AT Tng euduyeduuL-
one dVo aZbvev meptotpoghc (gimbal lock). Q¢ anotéheopo Yot Vo AVTIHETWTOTOUY AUTH
Ta tpoPAfuaTa, €yel Tpotael Ol TEPLOTEOPES Var avamoplo TovTon YEVIXA UE Uiot UTEQTOROE-
TEOTOUNUEVY] LOPYTI—YPNOULOTOLOVTOS TIVUXES TEQIG TEOPNS 1) LOVAOLOLA TETEAUBOVIA—YLoL VoL
amogebyovTon ol wiouoppieg xou To gimbal lock, oAAd ol evnuepdoeic va unoloyilovtal e
€hayloTo TeoéTo péoa oTov Tomixd Euxheldio yodpo tou manifold nepiotpopric. Autéc ol evrn-
UEPWOELS UTtopolV va avTio oty ndoly dueca Tlow oto manifold, e€acparilovtag ye autdv Tov
TEOTO OTL 0 TEOXUTTWY TVOXAC TEQIOTEOPNG TUPAUUEVEL EYXVPOS LXAVOTIOLOVTS OAOUS TOUG
amopaftnToug TERLOPIoUoUS, OTwS 1 oploywwiotnTa xou wovadiaio optlovoa, dnwe amarteiton

Yoo Tic avomopao tdoete tou SO(3).

2.4 TI'pdepot Iapayoviwy

H pédodoc maximum a posteriori, mou avoddinxe otnv evotnta 2.2, unopel vo cuvoe-
Vel ue Tov unoloyloud plag mavotnTag o evay mavotind yeapixd wovtéro. To mpdBinua
SLAM éyel o mohh ouyxexpluévn dour), xodwg ol yetprioeic Bacilovtal uévo oe éva cuyxe-
XPWEVO UTOGUVOAO TWV XUTACTACEWY TOU pOoUnoT. Auty 1 dour| unopel vo avanapactadet
anoTeAecUoTIXd Ue THavoTXd Ypupxd povTéha, Ta omoia elvon oe €on va Teplypddouy Tto-
Aomhoxeg TuxvoTNTEG TAVOTATOLY, Xo®E Xt TIC AAANAOEE0RTACELS TwV PETOPBANTOY. ‘Onng
omedelydn otnv oyéon (2.6) N ex v voTépwy mavotnta unopel va topayovionownlel oe
EVOL YIVOUEVO OpwV, YEYOVOS Tou Umopel v aglomotniel yior TNV avanapedo Taor) Tou TEoBANU-
toc tou SLAM w¢ ypdgou napayéviwy (factor graph) [DK+17]. Evac ypdpoc napoydviwy
elvon €vag duylepric Yedpog Tou amoTeAElTaL amd 6V0 TUTOUS XOUPB®Y, xOULoUS HETABANTOY XL
%xOpPoug TaEAYOVIWY, UE TOUS XOUPBOUS PETUBANTOY Vol AVTITROCWTEVOUY UN-TOQATNEYOWES
UETOPBANTES, OTWE Ol XATAC TACELS TOU POUTIOT X0l TV GTOLYEIY TOU YEETY, X0t TOUS XOUBoug
TUEAYOVTWY VL AVTIO TOLY 00V GTOUG TEPLOPLOUOUE UETAED TWV UETABANTOYV, TOU OniovpyodvIal
and T petproeic. Ilpoxdmtel Ot oL xéufol TapayoVTWY CUVBEOVTAL HOVO UE TOUG XOUBoug

LeTaBANTAOY amd Toug onoloug e€uptivTal. "Eva mapddelypo Yedpou TopaydvIwy QaiveTol GTO
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Eyfuo 2.2: Avamapdotaot tou meofifuatog Tou SLAM w¢ ypdpog napaydvTey, Tou TEpLEYEL
T pounoTixéc noleg X1, T2, X3 xou Ta opdanua li,la. O xéuPfot yetoAntody aviiotolyody
0€ AoTEOUEC xUXAOUC Xxou ot xoufol moapaydviwy oe padpa onueio.  Ou xéufBol mopoydvTwy
cuvdéovTal UOVO OTOUC XxOUPBoug UETUBANTOVY omd TIC OTOIEC EEUQTOVTOL XUl UVATUPLOTOY

TEPLOPLOPOUE UETAZ) TV UETUBANTGOY, Tou éyouy dnuovpyndel and petproec [DK+17)].

Eyfua 2.2, "Eyouv undpéet 600 xUpteg Biotxeg mou aflonotody auty| T dour| Yedpou Yo
v Behuotonoinon oto SLAM, to GTSAM [Dell2] xat n BiBAodrun g2o [Kim+11]. H te-
Aeutalor avapEpeTal 0TI BOUES YRAPWY TNG WS UTERYEAPOUS, dhAd elvar 6TNY oucio lGoBUVOHES

HE TOUC YPAUPOUS TOQAYOVTWY.

2.5 Xvothuata SLAM

Yty peyohOtepn TAELOPN@la To YUEOXTNRLOTIXG TTOU YENOWOTOLOLYTOL GTO TEOBANUO TOU
orntixod SLAM eivon to onpeio. To PTAM [KMO7] eivou évar tétolo abotnua, 1o onolo yweilet
TIC SLdXAGIES TOU EVTOTOUOU X TNG YAPTOYReAPNoNG o€ BV0 VAT Yior vor eEacpalioet Tnv
extéheon oe mpaypatixé ypdvo. To ORB-SLAM2 [MT17] ye tv aZlonoinomn twy anodoTixmy
yapaxtneotixev ORB o 11 yenon evoc apowol yedgou mélag yio Ty 016pdwor déoung
(Bundle Adjustment), tetuyoiver anddoon e TEAYPATIXG YEOVO, EVE TOEIANNAOL ETULTUY Y AVEL
evpwoTio xan axpifBeta Ye Th BUVATOTNT XAEIGIUOTOS HUXAWY Xal ETavexTiunong tng Véong oe
TEPLTTWOELS OTIOU YAVETOUL O EVIOTOUOG.

[op'dhar autd, Tar onueio LY Ve EVOEYETOL VoL TUEEYOUY AVETOEXT aELIUO AVTIGTOLYLOY GE
TEPBAAROVTOL UE YOUNAG QWTIOUO XL amoucior UPHG, EVE oL apatol YdpTeg onuelwy Bev Tepl-
€y 0LV yehown TANpoopia Yo To pounoT. Avtideta, mo cOVUETA YEOUETEIXA OYAUATA, OTKS
Ol YPOUUES, CUVOVTWVTAL GUY VA X0l TEPIXAEIOLY TEQIOCOTERES TEQLYPUPIXES TANEOPOPIES Yot
10 mep3dihov. AuTh 1 mapaThENon O8HYNOE OTNV EUPAVICT| TOAGDY CUCTNUATWY TOU YEN-
owonoovy yeouuuéc [Gom+19; Pum+17], eninedo [Kaelb] # xou to 800 [Zhe+22]. Tot tnv
amo@UY T UN-BEATIOTOY AUCEWY XATA TN YENOT AUTMY TWV YEWUETRPIXOY OVIOTATWY GE Uiol dla-
owacio fertioTomolinong, YeNoHOTOLUVTAL EAAYLOTES AVATURAUC TACELS, OTIKS 1) 0pYoXAVOVIXT

avomopdotact [BS05] yio tic ypoupés oto [Zuo+17].
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To duvaixd cuothdata SLAM uropolv va ywelotoly o 800 xatnyopieg. Ta cuoThuoTa
NS TEWTNG XATNYOELAS OVEYVEVOUY BUVOLXS AVTIXEUEVA OTIC EXOVES KO T APALEOUY OTto TIC
dradixaoiec eviomiopol xat Pedtiotonoinone. To DynaSLAM [Bes+18] ofionolel tic onuacto-
Noyuée doxeg mou mopéyovton and to Mask R-CNN [He+17] xat toug ehéyyoug opahudtwy
emovampoBohic yior TNV ambpeudn Twv duvoxay avtxetuévoyv. Lto DS-SLAM [Yu+18] 7
AmOCTACY) ONO TG ETUTOMMUES YPOUMUES YPNOWOTOLELTUL OE GUVBUNOUO UE TN ONUCIONOYIXT
xatdtunon yio Ty amdpeudn Suvouxay avtxeluévwy. To StaticFusion [Sco+18] extehel pa
xown extiunon e molag TS XAUEEAS XU TNS BUVUULXOTNTAS TNS OXNVAC, YPNOLOTIOLOVTAS
UlaL oLUVEETNOT EVERYELIXO) GPIAUNTOS BUO GpwY. AVIAOYA UE TNV EXTUIWUEVT) SUVOUXIXOTT
Ta amodideTon €va Bdpog OTIC TAUPATNENOELS, EMNEEALOVTOS T1 CUUUETOY T TOUS O0TO TROBANUL
BehtioTomolinomne.

Avtieta, to cuoTAdoTa TN SEVTERNE XUTNYORIAS OV VEUOUY BUVOULXE YOEaX TNELO TS
xat T eVTOT{ouy Ywpeic Vo amoppeimTouY TUAUNTH TWV EXOVKY, AZLOTOWWVTAS €TOL ATOTERE-
OUOTIXOTERN TNV UTEEY0UCA TANEOQopla ol YEQUE®YOVTAS To TeoBAnua Tou SLAM xou tou
EVTOTIOUOU XWVOUPEVGLY avTixeluévemy (Multiple Object Tracking). To VDO-SLAM [Zha+21]
YENOWOTOLEL GNUACIONOY XY TANEOPOE{OL YIal T1) BIAXELOT) TWV OUVOULXMY AVTIXEWEVWY ot TO
oTaTXO TEPPBIANOY, Evowpat®vel xou To 800 to SLAM xou utohoyilel Tnv mopeio TS xde-
EOC XU TNV aVeEdETNTN %VNoN TV BUVOUIXOY CXAUTTWY AVTIXEWEVWY Ywelc Teonyoluevn
YVOON TV YEOUETEIXMY PovTEhwy Touc. To DynaSLAM II [Bes+21] npoteiver éva mpbBhn-
uo 0t6pdwong déoung mou TERLAUBAVEL TOGO GTATIXE OGO XAl OUVAULXE YOPUXTNELO TLXA, XKoL
onuoveyel xou Bertiotomolel TpiodidoTota Thatcior Tou 0EOYETOUY To XWVOUUEVO AVTIXEWEVAL.

Ye auth TV Simhwpatixd epyaota, tpotetvoupe éva xavotopo SLAM cUotrua tng dedte-
ene xatnyoplag, o onoio cuvdudlel Ta TpoTERYUaTo Tou duvoixol SLAM xou tnv evpwo tla
TV yeauuxwy SLAM cuctnudtey, péow tne nopaxololinong onueiny xou eudeldy 1660 6To
oTATXO TEQYBAANOV OGO X0 GE BUVOUIXY SXaUTTOL AV TIXELUEVY, UE amOTENEOUA Uial UAoToinoM

uPninec axpifelog.
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3.1 SDPL-SLAM

Ye auth) TV evétno Yo napouctdooupe Ty ulortoinon tou SLAM oyopiduou pag [MMM24].
‘Onwe avagépinxe TEonyouuEvne, Tapoho Tou To TEOBANua Tng duvauxdtntag oto SLAM
€yel pehetnUel exTeEVHS, EYEL YIVEL EAGYLO TN EPELVAL GYETIXA UE TN YPNON TO CUVIETWY Yopa-
ATNPLOTIXWY OE aUTO, OTw¢ oL evdeleg 1) o enineda, ta omola €yel amodetydel oTL BedTidyvouy
v axpeifelo xan TNy eupwaotion Twv ahyopituwmy ot otat Tepintwon. Hapoxvoiuevor and
auTté 1 vAorolnon poag aflonolel eEXTOC and onuela, oTATIXES xou Suvouxée evdeleg, empépo-
VoG HEYAUADOTERO optdud ot TOWALL GTO GUVOAO TWV YORUXTNPIC TGV, BEATUOVOVTAS XAUTd

ouvénela Ty axpifeio. H Sopn tov enduevwy unoevothtwy elvar 1 e€hg:
e Yuufoloudeg

e Emoxémnon tou cUGTALITOS X AVIAUGT] XAUE GUVLCTHOCUS TOU

3.2 XvuuBoiicuocg

To cuotiuata cuvtetayuévwy cuufolilovtar we Ck xon TotodeTolVTUL (KOS APLOTEROL dve
Oelxteg yioo T onuelor xan g eudeieg. Eloupelton 1 meplntwon tou mayxOoUIoU CUCTAUATOS
avapopds 0 To onolo mapakeineTton 6TOL Elvor EQXTO.

Ynueio: O (un)ouoyevelc TploBIECTATES GUVTETAYUEVES TOU i-00TOU onueiov 6To TAa-
(o0 k, exppaoyuévec oto ovotnue ouvietaypuévey Oy, ouufohilovion ye “FMi € P3 (xau
C’“M}; € R3). Ouolne, ot SLoBLEC TUTEC CUVTETAYUEVES WC TEOC TO TAXOLO GUVTETAYUEVLY
I), avamapiotovton o mi € P? (xou mj € R?). Ocwpolue 6T T0 Teheutaio oTolyEld TV
OUOYEV®Y GUVTETAYUEVKY elval (00 Pe TNV povdda.

Evdeieg: 'Eva tpiodidotato eudiypaupo turue j oto k urnopel vo avomaplotadel and to
dxpor Tou {C’“Ai, C’“Bi}, EVG o dmeler diodidotaty evdela oto Thaiclo cuvTETAYREVLWY T}
ouuPoiiletar e 1{;. Or ouvtetaypévee eudeiog IThixep (Pliicker) punopolv v utohoyiotoly
s <5 . |
Al xODI] [N

Crpi — o - Ok
S A

(3.1)
6mov C’“f)i elvon To povaduto ddvucua xatevtuvong tng eudeiog. Mmopel va mopotnendet
OTL AUTOG BeV elval 0 YEVIXOS 0ploUOg TwV cuvTeTaypévwy TTAixep, xadng emPBdihovye enlong
ToUg 800 TEELOELOHOUG HC’“fJ‘}CH =1 xou C’@NZ: -C’Cﬁi = 0. Autol oL 800 meploplopol YEWOVOLY
Toug Paduoie ehevdepioc twv cuvtetaypévwy IIiixep oe Téooepic, EMTEETOVTAC XATE QUTOV
TOV TPOTO TOV VA TIROG €VaL UETACY NUATIONS otV opYoxavovixr avarapdotacr. H opdoxa-
vovuxr| avomopdotoon g evdeioc (U, W) € SO(3) x SO(2) umopel vo unohoyiotel and tig

ouvtetaypévee Ihixep we axohotdwe:

Curi) = [ ML OO oeNpxohDy

Ui(0) = ICRNG] [1ORTL (|9 Ng xR U] (32)
CrNJ Cry1l

capip) = (1N 11T .

IR VAT A
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O nivaxag U evnuepidveta pe to didvuoua 0 xaw o W pe ty i 6, énwe oto [BS05).

Ontixy por: Opilouue To Bidvucua to omolo avtioTotyel oty xivnon evée ek my_,
an6 o I_1 oto Ii:

bj, = Wy, —my_, (3-4)
Ot omtinég poég ToU AVTIGTOLYOUY GTO 0EYLXO 1 TO TEAXO orNueio Tou eLIUYEUUUOU TUAULATOS
. / I I 7 j,a ],b ’
J am6 1o Iy oo I}, elvon To @y xan ¢y, avtioTolyoL.

Metaoynpatiopol: ‘Evac nivoxac petaoynuatiopod and 1o nhaioo k' oto k oupfo-
MZeton pe ¥ Xy, € SE(3): “v ML, = ¥ X, O M. O nivoac petaoynpoatiopot , YHy, € SE(3)
ovomoplo Té TNV xivnom onuelonv o duvouxd dxounto avTixelyeva and to midioto k —1 oto k
670 TayROOWo cHGTHUA avapopdc 0, dnhadrh "My =, VHLOME . Evac petaoynuatiopdc
(R, t) umopel va epopuooTtel oe o evdeio i omola avanapiotatar and IThixep cuvtetaryuévee

w¢ €€ng:

(3.5)

3.3 Emoxénnon tou SDPL-SLAM

H emoxémnon tou cuotiuatog poc [MMM24] gaivetor oto Eyfua 3.1. To ocbotnua
hofaver we eicodo exdveg RGB-D, o onoleg npoene€epydlovton yior TNV avexTnon Tuxvic
OmTIXNC PONG KO YIoL THY ONUAGIOAOYIXY| TOUC XATdTUNoT. Y10 0Tddto Tou eviomopol (track-
ing), umohoyileton 1 n6la TNC AduEPOC OE GYEST YE TO TEONYOUUEVO TAXIGLO OELOTOLVTOG
TopATNENoELS oNuelwy ot evdetwy. Agol Angiel n tola Tne xduepas, evionilovTtal To duVoL-
%3 oy TIXelEVaL Xou ovoxTdTan 1) xtvnot| Toug UETaE) Tewv 6Vo Thaiciwy. TTopdAAnha Swotneetton
EVOG TOTUXOS XOU EVOG TYXOOULOG YHETNG, Ol OToloL TEPLEYOLY ToL G ToTixd omuelor xou evdeieg,
xa TS axohoudieg Tng mOLoC TNG UGUEPUS KO TOV XIVHOEMY TWV AVTIXEEVOY. AVE éva xado-
PLopEVO apriud yeovixwy Bnudtwy, exteeiton o fehtioTonolnon naptidac 6Tov Tomxd YdeTn
yio Bertioon TE TOTXAC TEOYLAC—OTNY TERITTWOT Yog auTOC 0 aEtiUds yeovixwy Brudtwy
wwolton pe 20—eved N mayxdoula Bedtictonoinor moptidag extereiton oTOV TAYROOWUIO Y dETN

yior TV a6 xowvol Beltiwon oAdxAneng TNG TEOYLAC TNG XAUEQAS XAl TOU YJETH).

3.4 AvTiotolyion sevdeiwy xouw Extipnon I16lac tng Kdyue-
pas

O evdeiec otic emdveg aviyvebovton pe tn yehon tou Line Segment Detector [Von+-08].
O evdelec ot omoleg moapouoidlouv acuvéyela oto Bddoc 1 Twv onolwy Ta TeEAxd orueio
AVAXOLY GE OLUPORETIXES OTUACLOAOYIXEC UBOHES UTOPEITTOVTAL.

[o v avtioTolyion Twv eudeldy e Blaboyxd Thaiclo YeNnoWWOToLEToL 1) OTTLXY) POY| UE
Tov {810 TEo6TO ToL amoxToVVTAUL Ol avTloToyloels onuelwy oto [Zha+21]. H avuotolyion
péow tNg omuxAC poRe AUVEL évar pellov TpoBinua Tou LTdEyElL cuyvd oe cuoTidato SLAM

mou Baoilovtar oe euleieg mou yenowonotoly teptypagntés (descriptors) euvdeldv, oto omola
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Frame and Stereo ; Dense Optical Flow Semantic
Depth Estimation { Estimation Segmentation
ORB and Line . )
Detection —>»  Object Tracking
Camera Pose Dynamic Object
Estimation w. Points Motion Estimation w. —
& Lines Points & Lines

Local Map
Global Batch
Optimization
Local Batch A
Optimization

Ty A v

Map
Camera Static Dynamic| | Object 1
Poses Features| |features) |Motions ;

Yyhua 3.1: Entoxéninorn cvothuatog SDPL-SLAM (Static-Dynamic Point-Line
SLAM): Anoteleiton ond teelc ouviotwoes: npoeneiepyacia (Mrhe), eviomioude (Kitpvo),
xou Beltiotonoinon moptidoc (MwB) [MMM24].

ot evdelec Bev umopolv va aviyveudolv PE CUVETELL UETAE)D TV EXOVOY 1| OVLYVEDOVTAL UE
OLUPORETIXG UXT). LNV TewTr Tepintwaon 1 avtioTtoryn eudelo dev LUTdEYEL, EVK GTNY BEUTERT
oL TEPLYPaPNTES EVOEYETAL VoL UV Toueldlouy e€antiag TG SLapopeTiXig Eppavions tTng eudelag.
AZlomoudvTag T oty pot|, TETOYoUE PEYUAITERO TAHDOC avTIoTOLYLOY eVTELnY UeTal) TwY
embvwy e€aopolilovtac peyolhtepo napoatnehuate (tracklets) eudewdy.

H apyixry 9éom tne xdpepac extyudron pe évay ahydprduo Perspective-n-Point (PnP) [LMF09]
oe ouvbuooud e tov olyopriuo RANSAC, yenotwonowdvtag uovo otatixd onueior tou dev
avixouy ot avtixelpeva. oty BeAtiwon authc Tng extiunong, tpoteivouue €va vEo TpoBAn-
uo eEayto Tonoinong, To onolo BehtioTonolel TaLTOYEOVA TN VECT TNS XAUEEAS XOL TNV OTTIXT
eot, BeEATIOVOVTOG TIC apyxr) avToTolylom onueiwy xan evdelmy. SUyxexpéva TEOTEVETIL O

axOhoUY0g 6POC GYUNUATOC:

- o
e (OX AL

— 0 Ja j,b
ej1 =€ Xg, ¢, ¢y) = i.ob 1 (3.6)
B m(OX, "B )
6mou B elva 1 napartnendeion dretpn evdela Soopévn and:
Ao j,0b j,0b
. aJVO S X b]yo S
% = |\ | = —= k (3.7)

)\2 | ai,obs % bi,obsH
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Yyfua 3.2: IIdve: Ontixonoinon twv evldelwy mou teptéyovion oTov YdeTrn Tou dlatneel To

SDPL-SLAM vyuo pioe oxnv moing. Kdtw: Eva xapé and v axohouvdio dedouévwy mou
Yenowonoinxe yio va ooy Vel o YdpTng.

omou 7(-) ebvor 1 TPOBOAXT CLUVEETNOY TOU ETLCTEEPEL £VaL OUOYEVES BLEvUoUa, i’a xou qbi’b
elvon oL OMTIXEG POEC TOU AVTIOTOLYOLY OTO opyWd xaL TeEMxO ornuelo Tng eudelag j amd To
mhaiolo ocuvtetayuévewy I oto I} xou éi’Obs = 5?;71 + i’a, Bi")bs = Biq + qﬂ;’b elvou
Tor Tehxd onela g mopatnendeicos yeouuuic oto Tpéyov mhaico. O bpog o@dhuatos (3.6)
anoTEAE(TOL A6 TIC O TOBAYUEVES ATOGTACELS TV ENUVATEOBANIEVTOV axpaiwy onuelwy Tng
evdelag j oto mhaico k —1 and v evdela 1 ool oplletar amd To avticTolyo TopaTnENIEVT
oxpaitor onueior oto mhadoto k (BA. LyAua 3.3). Av 1 hdon tou TpofAiuatog ehoytoTonoiong
€yel WS AMOTEAEOUA €VOC OPOC Vo EEMEQVAEL €Val CUYXEXQIIEVO Oplo, TOTE 1) AvTIGTOLYT| EL-
Yelo Jewpelton g oxpola pétenon xan agaipeiton. Autdc o 6pog GPIAUATOS POLELEL PE AUTO
oto [Gom+19; Pum+17], wot6c0, 6tny nepintwon pag eZoptdto Tautédypove ond TNy onTixy
eon, xou elvon avoryxaiog o utohoyiopog véog TaxeBiavie.

H Toxwfuavh tou dpou opdiuatog urtohoyiotnxe avalutixd. H mapdywyog wg mpog tnv
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i A
m(OX, AL T~ .

Yyfuo 3.3: Teltodido Tacy ONTIXOTONCY] TOU 0POL CPAAUATOS TG ETAVATEO-
BoMig sudeiag: Ta dxpa tne evdelog Ai_l xau Bi_l Teofdihovtan 6To Tha{olo cuvTe-
Toyuévemy Iy, ota dxpa ﬂ(oXlzlAifl) xou TF(OXk_lBiil) Tou opilouv To enavanpoBuAAduEVO
eudUypappo tuue. Ot omtixée poée ( i’a, qbi’b) %ol ToL Gxpat ToL EVYUYPAUUUOL TUAUATOS GTO
mhaiowo k —1 (51?;_1, f)i_l) mpootiievtan pall MoTe vo avax ol Tar Topatneolueva axpako
onuela Tou avtiototyou eudiypoppou Tuuatog oto Thaiowo k. O dpoc ogdhyatog (3.6) avti-
O TOLEL OTIC XUAVES YROUMES O AVATORIC TE TIC OMOC TACELS TV ENAVATEOBAAAOUEVLY SXpwLV

e evdeiac (Kdxxwvo) and v avtiotoryn napatnpoluevn dreen evdeio (Ilpdowvo).

omTixn por} Tou oy onueiou (xou avtioTolya Tou TEAXOU onueiov) utohoyioTnxe wc:

de; ;)
SO (O AL )T (3.8)
8¢k7 8¢k7
xan 1 ToxwPlov we mpog Tig mapauéteous Tne Tolag i w¢ axoholIeC:
T ,
[)\0 on(OXy,AlL_))
Gej l )\1 OBk
OBy, Ao|  om(°X,Bl_))
A\ 0=y,
0 J .
"o tov utohoyioud e ToxwBravrg %’fk‘l) apyd VéToupe g = gz, gy» 92T = OXk,_lAi_l.
H ToxowPlavy) énetta pnopel vor unoloyiotel wg e€ng:
. 2
on("Xi, Al_) | 0 —fl LA L+ ) e (3.10)
OB S O I AR DS S =

IIknpogopiec yiow TNV Topamdve mapaydylon uropotv va Beedodv oto [Bla22], oto onolo o
VoY veoTNg €xel TNy euxapla vo euPoattvel 6to pardnuatind uréBodeo.

To medPAnua elaylotonoinong mou Pociletan o opdlpata eTovamEoBorc oNUelwY xaL



3.5 Evromoudc Avtixewévoy xaw Extiunon xivnone 39

eudeldy, elvon hotmov to e€ng:

Tp
{OXI;ka (bz} = argmin{OXk,q)k} Z{ph(ez—',rrz:;lei.r)‘i‘
7

il (3.11)
ph(el—',rngleiap)} + Z{ph(e;raz(;lejﬂ‘a)_‘_ .

J

ph(ejTrbZ(—blej,Tb) + pnle]; S e},

6mou pe ¥’

oudBoliletar 1 BéATIoTn Moo, Ny xou 1y ebva To TARYOC TWV OTATIXGDY ONUEIWY
xou eudeldy avtiotolya, €;, elvor 0 Yvwotde bpog opdhuatog enavanpoBolfc onueiny [MT17;
Zha+21; Qiu+22], e;,, €jrq xo €, €lvou 6poL xaAVOVIXOTOMONG Yl TNV OTTIXY POY| TOL
avtioTolyoly oto onueior [Zha+21], tor apyind xou teAxd onueio Twv eudeldv, avtiotoya, Mg
elvot 0 Thvoxag GUVBLIXUUOVOTS YId TOUG OPOUS GPIAUNTOC XUVOVIXOTOINGNG, oL Xp oL X
elvow oL ivoxeg cuvdloxduavong tou oyetilovTal UE Toug GPOUS GPINIATOS ETAVATEOBOANC
TV onuelnv xaw eudeldy, avtiotorya. To cbvoro @y, nepiéyel Gha Ta Blaviouato OTTXNAC PONC
am6 To Thaiolo CUVTETAYUEVGWY [ 6TO I}, oL avTIoTOL oLV oTa onueio xou Tig eudeieg mou
GUUMETEYOLY 6TO TEOBANUA eAayloTonoinong. To mpofBinua viomoweiton pe v BiBAodnRxn

g20 [Kiim+11], xou Aovton péow tou enavolnmtikod ahyopiduou Levenberg-Marquardt.

3.5 Evromouog Avtixeipévoy xow Extipunon xivnong

Agol mpocdioploTel 1) Tola TNG AGUEPAS, N OTTIXY| OY| YPNOHIOTOLEITOL Yial TNV CUOYETL-
ON TWV ONUACLONOYIXMY HAOXWY o€ Bladoyixd mAaioto. Autd ylveton UE TOV EVIOTUGUO TOV
HOoXOY oToL BLadoyixd TAXLCLYL UE TOV UEYOAUTERO 0ptdud avTIoTOLYLIOY ONUElwY PETAED TOUC.
Axololdng, yenowomoteitan 1 avdhuon poric oxnvic (scene flow) yio vor Staywplioet tar duva-
MG VTIXEUEVOL OO TOL CTOTIXG. LUYXEXQWEVAL, 1) EXTWOUEVT TOLa YENOWOTOEToL Yol TNV
eVHUYEAUULOT TOVY AVTICTOLY WYV TOEATNEOEWY OE Loy Lxd TAAloLaL, amd TNV OTolo TEOXUTTEL
Hlat TROCEYYLON TWV XWACEWY TwV onueiny. AouBdvovtag utodiy dTL 1 pot oxnvrg yio o Ta-
TIXG ovTixelevo Tpénel Vo efvan aeAnTER, exelva Ue YeYdlo aptdud onuelowy Tou dev TANEolyY

auTAHY TNV Teolndveon YewpolvTon SuvoLXdL.

Moéhic evtomioTolv Tor Suvoxd avTxelpeva, 1 Vo Toug EXTIUATOL TPOTOTOLWVTAS EAA-
PPWS TO TEOPBAAUA ENXYICTOTOINOTNG TOU TEONYOVUEVOU UTOXEQPUAAOL UE TNV ELCAYWYT EVOC

Topduolou bpou o@dhpatoc pe (3.6):

o .
Ego ’ Tr(kf(l)GkAifl)

_ 0 ja g jby
€51 = ej(kz—le’v jA a¢k; ) = | j0b ; , (3.12)
1707 ﬁ(k_?GkB{%l)

OToU 1} TOGHTNTA TTEOG exTiUNoN Elvor 7 k_(l)Gk = OXk_1 oo VH) ot emopévec, 1o TeoPhnu
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Ly Ly L

Yyfua 3.4: Avanapdo Taor] YReAPOoU TApAYOVIWY Yid opdonua evdelwv: Taupou-
oldlovTon UOVO Tal OTOTIXG XAtk BUVAULXEL YOEAXTNELO TIXE EVVELDY X0l OL TEPLOPLOUOL TTOV ETI-
Baihovton amd autd. Hubogpavelc Kdxlou: tpiodidotateg otatinég eudeleg (ITpdowvo), molec
(Mmhe), tprodidototes Suvapixée evdeiec (Kdxuxwvo), petaoynuatiopol xivione avtixeuévony
(Kvavd). Abdagaveic Kdxdot: mepropiopol tpiodidotatony petpioewy evdedv (IToptoxoi),
Teploptopol atny xivnon evdeldy mou avixouy ato Suvouixd avtixeipevo d (Pol), neploplopol

n6lac (Madeo).
ehoyytotomoinong dotneel v pwoppy| (3.11):

Tp
{-1G}, @1} = argmin _9G, @ Z{Ph(e;,rrzflei.r)+
{e1 } : o]
K3

2 (3.13)
ph(ez—'l,—pzz;le’iyp)} + Z{ph(ezrazglej,ra)+ .
J

pr(e) 2y ) + prle], 5 e},

A&ilel vo TovioTel 6TL axdua xou oy €VoL GTATIXG AVTIXEUEVO YapaxTneloTel hardaouéva apyixd
7 4 e 7. 4 7 4 e /
¢ dLVAUIXO, xaTd TNV Bdpxela auTol Tou oTadlou Yo Bpedel OTL Bev TapoUCIAlEL TyETIXT

xivnom, Aeltoupy VTG 0TNV oucia kS OTUTLIXO.

3.6 Xdetng, Tormxn xauw OAxr) BeAtiotonoinon Iaptidag

Katd tn didpxewa tne extéheone tou SDPL-SLAM [MMM24] Swtnpeiton évac ydetne,
o omolog meptéyel oTaTIXd xou duvaixd onuela xou evleieg, TOLEC HGUEROC XL HVHCELS O-
vieevey. H doun tou ydetn unopel va meptypogel wg ypdpog, 6mwe avokdinxe oTtny
evotnTa 2.4.

Ye auth) TV Simhwpatixd] gpyacta tpotelvoupe par pédodo PertioTomolinong yedgou yio
v and xowvol BehtioTonolnom TG TEOYIAS TNG XAUERIS, TNS XEVNONG TWV BUVUULXMY SXa-

TTWY AVTIXEWEVWY XL TOU ¥8eTN. AUuTog 0 Ypdpog Tepixhelel Teploplopols Yo TIG UETUBANTES
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TEOG EXTUNOT), UTO TNV LopYT 6P0V GPIAUATOS, OL OTOOL GUUUETEYOUY OE Eva TEOBANUL U
ehoayloTov TeTpayOVWLY , 6tne oto [Kim+11]. Suyxexpwéva, npoteivovton 00 xavotouot
Teptoptopol evdelndy, (i) o meploploude pétenone tplodidotatne evdeiog o (ii) o meptopt-
ouog otnv xivnon evldely Tou avixouy oe duvouLxd dxopnto avTixelyeva. Ot umdioitol
TEQPLOPLONOL, TTOL BNULOVEYOVVTOL ATt TUEATNEHCEL OBOUETEING Ko ONUEIWY, TUPAUEVOUY OTKS
oto [Zha+21]. Ou xouvotdpol nepropiopol (i) xou (ii) mapovotdlovion we Ttoptoxahi xat pol
OpoL avtioTolya 6To Ly 3.4, To onolo TEPEyEL UOVO TopaTNENOE EVVELLD V.

O avamopactdoelg v evdeloy meénel va eival EAYICTES WOTE Vo anogevyYolv Tpo-
BAAuarto oprduntinrg aotddelog xotd Ty Bedtiotonoinon xon aENUEVO UTOAOYLOTIXG XOGTOS
Noyw emnpbovetony Podumy eheudepioc. Emiéyeton 1 opoxavovint| avoaropdotoon [BS05]
Yot TNV EAGYLO TN AVOTOEAC TAGT] TV TELOOLIC TUTWY EVVELWY.

To cgdhua pétenong tewodidotatng sudeloag opiletan we e&hc:

|| Cx AT x O U] — CeNT |

(0 Jy
eg,k( kack) - H CkBi,obs % Ckﬁgc _ CkN?CH s

(3.14)
10 onolo avtiototyel ot anoctdoelc [Bro+10] twv mopatnendéviny telodidotatwy dxpwy
Cr ATV CkBI oty § eudeia Tixep oo mhaiowo k.
O oxohoudeg BUo onuedoelg xpivovtan amapaitntes. o tic ototinée eudeieg, o delxtng
k twv otoyelnv C’ﬂﬁé peeis C‘“Ni e ewdelog IThixep, emiéyetar we To MP®TO TMAaiclo oToO
omofo moapotnerinxe n evdeio j, eved otig Suvopxés evldeleg elvon To Tpéyov mAaiclo k. Aclte-
eov, ot cuvtetaryuéveg ITAixep yenoiomowivial 6Tov UTOAOYIGUO TOU GYINIAUTOS, WG TOGO Ol
TUEAPETEOL EVAUEPWOTE UTOAOYICoVToL Yiot TNV 0pUoXavOVIXY| OVOTOEAC TAGT TWOV YROUUUOY.
O meproploude tne xivnong wag eudeiog j Tou avixeL Ge v BUVOUIXG AXAUUTTO AVTIXEUEVO
d umopel va dronpedel oe éva opdlpa andotoong xan Yoviog xou optletan wg eEnc:
, ‘ dist(£3, £2)
ejak(Lh k- tHE, Lhy) = oot |, (3.15)
RS
6mou ,_{HE eiva o petaoymuatioude xivione trg evdeloc i 1o avixelyevo d. O dvw
oclxtne ‘H’ otnv evldela j 070 TAalolo k mou aviixel oe Eva avTixeluevo d yernowonoleiton yio

va uTodNAGoEL OTL éyel uToPANIEl ot évay petaoynuatiops xivnone Y HE:

GH
Nk

JH _ Oryd pJ _
Ly =y Hy Ly | = it
%

(3.16)
[Tpémel va onpewwdel 6tL yia va anhouoteutel 0 cLUBoAMOUOC Yiar Tig Buvoxég eLdeleg, To
YEYOVOS OTL avixouy 6To avTixelyevo d vrovvoeiton. H cuvdptnon dist diveton amd tov tOn0

¢ ambcTaong 0Vo ITAixep eudeldyv:

1a ] j:H —_
dist(Ly, L") =
|Of, N +~N;§ﬁiﬂ \
A
[0 x (N =Ny /5)|
SATE

av UL x U2 0 (3.17)

o INJ'?C’H = sfji yia xdmoto s # 0
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IMo vae unoypapuicovpe T onuocion TG EVOWUATWONS YeUUU®OY 6To duvouxd SLAM,
Ole€aydyope Ular OELpd TELPUUATWY OE OLAPORO ECWTERIXE Xt EEWTERIXE TEPBAAAOVTOL Xo
oLYxElVaUE ToL AMOTEAECUOTA Hag UE GAAeC olYypovee pedddoug yia vo 6etoude TNV ano-
TEAEOUOTIXOTNTO TNG UAOTOMONG HoC.  MUYXEXPWEVAL Yernolporotinxay to axdrouda 6Lo
olvola dedopévev: (i) to KITTI Raw Dataset [Gei+13] xou (i) to Oxford Multimotion
Dataset [JG19]. Xe autd to xepdloto, napouctdloupe Tic dadixaoies tpoenelepyoaoiog TV
CUVOAWY BEGOUEVLY, TIC UETPIXES TPANIATOS TTOU YENOHLOTOLUNXAY XAl To EVPHUATH UAS OYE-

TG e TNV oxp{Belal TG EYWXIVNONG TNG XAUEEAS Xl TOV VECEWY TWYV AXUUTTOV AVTIXEWEVOY.

4.1 TIlposnelepyaocia

INo v onuacioroyixt| xatdtunon oto KITTI Raw Dataset, yenowonoteiton o uhonoin-
on tou Mask R-CNN [He+17] pe mpoexnoudeuuéva Bdpn yia 1o oOvolo dedopévev MS COCO.
o to obvolo dedopévwy OMD, yenowonoteiton par duxd yag anA pédodog xatdtunong Bo-
oloUEVNC oToV Ypwuatixd yweo HSV, 1 omolo oxoholdwe Beitidveton uéow poppoloyixol
pLhtpopiopatoc.

H nuxevi ontied| por| npoxdnter amd tny PyTorch exdoyn tou povtéhov PWC-Net [Sun+18-
Nik18] ywplc odhayh twy Popdv tou.

4.2 MeTpuxeg XgdApotog

INo v dueon obyxpion Twv anoteheoudtwy pog ve To VDO-SLAM, yenowonoteiton 1)
LeTp Tou napouctdleton 6To dedpo Toug xou 1 Uhomoinon toug [Zha+21]. T xdde mhaicto,
T0 o@dhua opiletar we B = T, émou T  elvor 0 eEXTYDPEVOS LETAGY NUATIONOS XVNoTE VLol
NV xduepa 1 Eva avtixelyevo xan T’ etvon 1 avtiotolyn aAndwy| xivnon. To c@diyo yetatoniong
E; etvon 1 Lo vopuo TG CUVIOTOOAS HETATOTLONG TOL I, eved To ER €lvon 1) yovio TEpLoTeopnc

OE [LOL OVOTORAOTOOY GEOVA-YWVING TNS TERLOTROPIXAC CUVIGTOOAS Tou E.

4.3 Amoteiéocpata oto KITTI Raw Dataset xou Xyolio-

ouog

To KITTI Raw Dataset anoteieiton and modkéc axolovdiec oe mpaypatind ewtepxd
TepBAAROVTA 001 YNONG PE BOCUEVES TIC aATIVES VECELS TNG HAUERUS XAl TWV OVTIXEWEVWV.
o vor a€tohoyloouye To GG TNUA Pog o€ Lol Towhlor TepBolhoviwy, emhéydnxe éva chvoho
13 oxohouidV e BLopopETIXd ETUTEDN BUVOLXOTNTAC X0l YEWUETEWXNG Tapouaiog. Tao anote-
AopaTa TOU TEOTEWVOUEVOLU GUO TAUATOC oG Tapouatdlovtar otov Ilivaxa 4.1. Xuyxpivouue
™V onoTeEAEoUATIXOTNTA TOU oLUGTHUATOS pog pe 1o VDO-SLAM [Zha+21] xou tar arvoupe-
pbueva anoteréopota tou DynaSLAM II [Bes+21], mou xou ta 800 Yewpolvtar obyypova
ouvoxd ouo ot SLAM.

‘Ocov agopd TNy eywxivnon tng xduepas, 1 VAOTOINGY| YoG UTEREYEL TV GAAWY 0UO Gu-

CTNUATOV OE OYEDOV OAeg TIC axoloudieg oto Fy, evw elvan 10od0voun A xaAvtepn oto Eg.
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ivoxog 4.1: Anoteréopata KITTI Raw Dataset (E¢[m] xou Er[deg]). *FO = Beltiotonoinon Porc.

Méoo M#xoc Tracklet || DynaSLAM II VDO-SLAM Thonolnon poc (pe FO*) Thronolnon pog (yweic FO*)

Axohovidia Srotixdv Budeidv Kdpepo Kduepa Avuxelyevo Kduepa Avtixeiyeva Kduepa Avtixeipeva

us FO*  yuwpic FO* E, Eg E, Eg E, Ep E, Eg E, En E, Er B Ep
0926-0001 5.1 3.1 - - 0.051 0.056 0.410 0.439 0.050 0.056 0.353 0.423 || 0.051 0.056 0.450 0.426
0926-0002 5.1 3.0 - - 0.061 0.067 0.178 1.528 0.055 0.066 0.490 0.674 || 0.055 0.066 0.425 1.142
0926-0005 6.2 3.0 - - 0.059  0.083 0.378 1.988 0.051 0.071 0462 1.799 || 0.054 0.071 0.264 1.878
0926-0009 5.6 3.1 1.870 0.573 0.110 0.065 0.217  0.188 0.095 0.066 0.211 0.165 || 0.101 0.060 0.211 0.164
0926-0011 8.0 3.1 - - 0.043 0.057 0.623 1.169 0.034 0.057 0.265 0.325 || 0.037 0.057 0.593 0.816
0926-0013 4.6 3.2 0.930 0.000 0.076  0.059 0.139 0.390 0.074 0.058 1.465 0.355 || 0.079 0.058 1.465 0.369
0926-0014 48 3.3 1.350 0.573 0.108 0.070  0.988 2.853 0.110 0.069 0.811 3.060 | 0.110 0.069 0.811 3.229
0926-0051 8.3 3.1 1.140  0.000 0.065  0.058 1.067 1.029 0.061 0.058 0.644 0.415 || 0.072 0.059 0.644 0.416
0926-0091 6.1 3.1 - - 0.069  0.063 - - 0.066 0.062 - - 0.067 0.062 - -
0926-0093 6.7 3.0 - - 2295  0.085 0.869 1.207 2.284 0.084 0.669 0.391 || 2.285 0.083 0.672 0.393
0926-0101 5.2 3.3 15.020  2.292 0.570 0.072 - - 0.585  0.073 - - 0.647 0.078 -
0926-0106 6.9 3.0 - - 0.047  0.062 - - 0.039 0.058 - - 0.033  0.057
0929-0004 5.4 3.1 1.410  0.573 0.071  0.058 - - 0.065 0.057 - - 0.062  0.057 -

To DynaSLAM II gafveton var emituyydvel yonAOTERO GQIAUN TEPLOTROPNE GE 800 oxOohoU-
Ylec, wOTO00, MEENEL Vo onuelwdel OTL OL CLUYYPAUPELC TOU TOPELY OV UTE TOL ATOTEAECUATO OE
OXTIVLOL, UE AMOTEAEOUO TNV ATWAELN OEXAOXNG axpifElag OTaY HETATEENOVTOL O UOlPES.

Iot voe Biegdryoupe Yt o OROXANEWUEVY AVEAUCT] TWV OTOTEAECUATWY, €YOUUE EVOL-
patooel otov Ilivaxa 4.1 wio petpur mou avtioTtolyel otov péco apriud xapé otov omoio
evtomilovton ol otatixég euleleg. Ou avapepduacTe epediic o axOhOLVIEC EVIOTIOUEVGY Y-
QUXTNPIOTIXWY GE TOAAES BLABOYINES YPOVIXEC OTIYUES w¢ mapatneruata. To chotnud pag
emdevVEL TN onuavTixdtepn Bedtimwon otic axoloudieg 0926-(0009, 0011, 0093, 0005, 0106),
oL onoleg, extog amd v 0926-0011, €youv EvTovn Topousia XOVTVOY ATV TOU TUEEYoUV
TohAEc euldeleg LPMATC TodTNTOC Yo aviyvevor. Autd petagpdleton dueca o LPNAGTERES TI-
uéc oty mpoavagepleioa yetewnt|, ToviCovtag tn onuacio Twv eudewdy LPNAAC ToldTNTIC TOU
UTOPOLY VoL EVTOTUGTOUV Ue cUVETEL. Evilopépov nopouctdlel 6Tl 1 onuavtixd BEATIOUEVT
am6d0om oty axohoudio 0926-0011 dixonohoyeiton, Topd TNV armoucioa XOVTVOY xTLElwY, UEcK
e enidellng wog ond tic udmidtepes Twée e petehc (8.0). Avtidétwe, To cloTnud pog
amodideL e S YELpOTERA OTIg axohoulieg 0926-0014 xou 0926-0101, o ontoleg yapoxtneilo-
VToL amd ovotyTolg yweoug xat EAedn xTiplwy. Ot eudelec aviyvebovtar xuplng oTov Spduo
xa oo PUANAL OEVTEWY Tou Poloxovton uaxptd amd TNV xGUEREX, TEOXAUAWVTAS £TOL UTOPBaUULoT
TWV AMOTEAEOUATOY. AUTO avTiXaTONTEICETAUL OTIC TWES TNS METEXNAG QUTWY TwV oaxoAoudL-
OV, YE TO PECO UAXOC TWY CTUTIXOY TopaTNeNUdTtey evlelndy (4.8 xat 5.2) vo eivon onpovtind
%3t amd Tov GUVOAXG Péco 6po (6), utoypoppilovtog tn cucyétion petald eudeldy younhhc
TOLOTNTAC XoU PELWHEVNS axpifBetag.

‘Ocov agopd TNy axpiBelo EVIOTIGUOV TV BUVOLXMY AVTIXEWEVGY, 1) EVOOUSTWOT EVVELDY
Behtidvel To anoteAéopato TNy TAodNGla TV axohouvhidy, xdtt Tou unopel vo amodovel
OTO YEYOVOG OTL TOL TEPLOCOTEPA BUVOUIXE avTixelueva elvor autoxivnTa TOU TAHEEYOLY TOAAY
eL Y0y PO TUAHATO TIEOG vy VELDT) GE Yépn OTLE T o upa xou oL Tvaxideg xuxhogoplag.
O poéveg axorovdieg otic onoleg 1 vAomoinon yog Bev BehTiwdvel Tor anoTeAEoUATO EVOL OL
0926-(0002, 0005, 0013). M hentopephic TowoTxY| avdiuon amoxdhupe 6Tt oe 800 and auTég
(0926-0002, 0926-0005), n mhetodn@lo TwV BUVXGOY AVTIXEWEVODY TOU vty VELDNXoY Xau
evtormiotnxay eivon xwvolueva todRhata e avipodroug (BA. Lydua 4.1 xou Lyrua 4.2), to
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Yyfua 4.1: Y1ig oxohowdieg 0926-0002, évar pueydho UE€pOC TNG BUVOIXOTNTAS TNG OXNVAS

ogeiheton og TOdHAATY, TOU ToEEYOLY eLDUYpoUpe TuRuata (Tpdotvec evldeiec oty exévaL)
Tpo¢ aviyveuon oTiC pédeg Touc. Autd odnyel oe peiworn otny axplBela TG EVIOToUo) avTiL-

XEWEVOY GE AUTYH TNV CUYXEXEWEVY axohoudia.

omola dev axoloudoly v utoxelyevn unddeon oxoudiog. ¢ ex ToOTOU, OL YPUUUES OTOUC
TEOYOUC TWV TOBNAATOV 1 Ol YROUPES GTOL TTOOLY TV TOONAATGY GLUUSBIANOLY GTNY uTOPBdUuLoT

TWV ATOTEAEOUTWV OE QUTEG TIC BLO TEPITTWOELS. §26TOCO, TEENEL VO TOVIGTEL OTL UXOUOL XalL

O€ QUTES, TO R TV AVTIXEWEVOY BEATIOVETOL CTUOVTIXG.

Yyfuo 4.2: Xe mohkég ewxodveg tng axoloudiag 0926-0005, aviyvevovton xar evtomilovrot
eudelec oe TodNAdTES, oL onoleg mopoBidlouy Ty undleon axoudiog, e anotéheoya peiwon

oTnv axp{Bela EVIOTIOUOY AVTIXEWEVWY.

Téhoc vy va allohoyrooupe Ny enldpacy tne Peitiotonoinong tng ontixig oy oTnv
oxpifela Tou cuoTAuatog, dielorydyaue pa pehétn agaipeonc (Bh. teleutaio othAAN Tou Iliva-
xa 4.1), uéow tpomonotfioewy otic (3.6) xou (3.12), agoupdvtac Ty e€dptnon amd Ty onTxy
eo1| and Toug GpouE GPIAUNTOS. AuTo elye WC amOTENEOUA AYOTEPA CUVETY| TULEIAGUOT EU-
YOYEUUULY TUNUATODY, UE GopT) UEIWOT OTO UECO UAXOG TWV G TUTIXWY TURUTNENUITWY EVUELDY
xalL pLol TLBEVODOT TN amddooTE TOC0 OTIC UETPIXES By TNg xduepas 600 xat oTiC ueTpéc ER
TV avTxeévey. To yeyovog ot ot axoloudieg 0926-0002 xon 0926-0005 amodidouy yepdte-
po oty axp{Belar Tng VE€oNg TV avTIXEWEVGLY OTay BEATIOTOTOLE(TOL THUTOY POV 1) OTTIXT] PO,
LT TNEILEL ToL EUPNUATOL TNG TEONYOUUEVNS TORAYPdPoy, xoddg BlaTneolvToL TEPLOCOTERES

AVTLOTOLY(EC YRUUUWDY OE U1 XN To v TIXElPEVaL, PE amoTéAETUa VoL eyeYUVETOL TO TROBANUAL.

4.4 Aroteléopata oto Oxford Multiomotion Dataset (OMD)
XoU 2YOANACUOC

To Oxforf Multimotion Dataset amoteheltan and axohouvdieg exdvwy mou €xouy xatoypa-
pel og ecwTEPINO TEPIBIAAOY GTO OTOLO UTEEYOUY XIVOUUEVA UIXEE AUTOXIVNTOL 1) olwEOVUEVOL
x0Bol. Autd 10 6OVOhO BEBOUEVLV YopaxTNEIlETAL Ao oY LUEY| YEWUETEIXT BouY|, xalne TG0
70 oTATXO TEPPBAAAOY 650 xon oL xwoluevol xUPoL Tapéyouv ToAAG evdiypouua TUAUAT

v TowdTnTog TEOg aviyveuon. Autéd to yeyovog xahotd o OMD éva Wavixd cevdplo
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[Mivaxog 4.2: Anoteréopata OMD (E;[m] xou Er[deg]).

VDO-SLAM Thomnolnon yog

E, Er E, Er
ONoxAnen Axohoudio: Kduepa 0.038 0.578 0.022 0.507
Ohxhnen Axoloudia: Mécog ‘Opoc KOBwv — 0.032  1.286 0.029 1.231
500 ewodveg: Kduepa 0.017 0.466 0.014 0.453
500 ewovee: TTdver Aelid 0.033  1.369 0.032 1.367
500 ewdvec: Kdtw Aclid 0.030 1.166 0.029 1.164
500 ewoveg: Idve Apiotepd 0.036 1.494 0.031 1.452
500 ewodvec: Kdtw Aplotepd 0.027 1.601 0.027  1.605
500 ewoveg: Mécog ‘Opog KiBwy 0.032 1.407 0.030 1.397

yioe vou avadei&oupe Ty emtidpaon twv evdeiwyv. H anddoon tou cucthuatog allohoyeiton a-
TOXAELGTIXG OTNY oXOAOUDIAL UE TOL OUWPOVUEVO XOUTIA X0l CUYXEXQUEVA OTNY TERITTWON NG
UN-TEQLOPLOUEVNC XIVNONG TNE XAUEEAS, EVal BUGKONO Xol PEAMOTIXO OEVERLO. AOXIIACHUE TO
obotnuo pac 6o otig apyxéc 500 edvec i oUyxpion ue to [Zha+21], boo xar oe 6o
TO GUVOAO TV BEGOUEVGY YLl VO AELONOYCOUUE TNV EVPWOCTIAL TOV GUOTHUNTOS UAC OF UidL
Haxpoypovia axoloudio.

‘Onwe gotvetar otov Ilivaxa 4.2, 1o cbotnua pog unepéyel tou VDO-SLAM 1600 otnv
eyoxivnom 600 xa oty axpeifeta e Yéong TV TECOdpWY APOVUEVKOY XOUTLRY, TO OTolo
e&nyetton edxola, av Angldel unddn 6TL 1 doxn TEAYUATOTOLE(THL OE EOWTEPIXO YWRO ol
Tar SuvoLxd avTtxelpeva oty axohoudio etvon xOPBot. Muyxexpwéva, otny TATEN oxohoudia
(xou otic Tpwtee 500 exdveg), emtuyydveton Pedtinon xatd nepinou 42% (nepinou 18%) xou
nepinov 12% (nepinou 2,8%) otic petpixée By xaw Ep tne xduepac, avtioTolya, o€ oOyXplon
pe to VDO-SLAM. Emniéov, n evowudtwon eudewdy Bedtinoe v axplBela extiunong tng
Yé€ong Twv xvolueEVLY xUBwY oty Then axohoudio xou elye oplaxec BEATUNOELS OTIC TPMOTES
500 ewbvee, pervovtog o uéoo By xatd nepinou 9,4% (nepinou 6,3%) xou to E xatd nepinou
4,3% (nepinov 0,7%).

4.5 Emoxénnorn Anotehecudtwy

Acet&ope 6TL 1 evonudtwor evlewwy elye we ouvérela TV BeAtionon Tng cuVOAXTC ambdo-
omNg, TG0 TNV EYWXIVNOT GCO XL GTOV EVIOTUOUO DUVOLXDY AVTIXEWEVWY, GE GEVARLNL EEW-
tepuehc 00rynone (Iivoxag 4.1) xon ecwtepixol ydpeou (Hivaxoc 4.2). Emnpdoldeta, elodyoue
TO UECO UAXOC TWV CTATIXWV TopaTnenudtwy suleiog, To onolo Tocotxonolel Ty ToldOTNTA
xaL TNV eVpwo Tl TwV eLIiYEOUU®Y TUNUATLY. Mo Aemtopepric avdhuong enaiflevce Tnv
LMY cuoyétion autrhg TG PeTEMS xou Tng Pehtiwone tne axpifeloc Tne LhoTolnong Yog oe
oUyxplom Ue dhia oy ypova cucthuata. H ypron tng omtixfc poric yia To todplacua eudetdv
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TUEEYEL XANVTEQES XA TEPLOCOTEREC AVTIOTOLY(EC ELVELWY, UE ATOTEAECUA UOXQPOYOVLAL XAl CU-
VETY] ToEATNERAUATO EVIELDY, VO TAEOVEX TN TTOU ATOBELY TNXE OTL EVIOYVETOL TEPAUUTERL ATO

TNV TaUTOYEOVY BEATIOTOTOINGT TG ONTIXAG POYIC OTO GTABIO TOL EVIOTOUOU.



Eriloyoc

5.1 X0Ovroun Ilepiindn, Xvurnepdopata xaw MeAAlovTi-

xeg Epeuvntixég Katevdivoeig

Yy mapoloo Simhwuatix epyacio topoucidcoue éva xouvotouo cbotnua SLAM, to
omolo expetariedeton evdeiec mou avivyelovial TOCO GE GTUATIXY OGO XL GE BUVOULX OVTUXE-
{UEVO, TPOXEWEVOL Vol EXTWACEL TNV TEOYIA TNG XAUEQOC XU TIC XWVACELS TV AVTIXEWWEVWYV.
Y70 TpWTO PEPOG TNG EPYACTUC, TUALOUCLACUUE X AVIADGOUE Baoxég EVVOLES TOU TEOPBAAU-
to¢ SLAM, xardd¢ xon T oyetinr épeuva mou €yel Hom Oeloydel oTov Touéa, TEOXEWEVOL Va
TEEYOVUE TO AmopalTNTO UTORBoEO Yidl TO TEOTEWVOUEVO GUCTNUA UG XAl VO TREOCOLORIGOUUE
TOUC TERLOPIOHOUE TWV VPLO TAUEVKDY HEVOBWY TOLU 00NYNoAV OTNY avamTun Tou ahyoplduou
oG,

2Tal EMOUEVA XEPHALAL, TUPOUCLACUUE TNV TROCEYYLoT Uag ot Bddog, avaibovtoag xdie
ouvictwoa xau dedodohoyla mou yenowonoinxe. E&nyrooue tn Aoy niow and Tg e-
TWAOYEC O XOU OVOAUGOUE TIC CUVELCQORES UoC oTol VEo TeoPBAruata BeATioTotoinong, mou
EVOOUATMVOLY ToEATNEHOELS EVVELOY Yia TN BeATtiworn Tou eviomoyo) TN XAUEPIS, TwV OU-
VoYXV OVTIXEWEVWY, XL TV VECEWY TWV GTUTIXMY XAl DUVIUIXOY YAQUXTNELO TIXMY GTOV
yaetn. Ioapovoidooue chvola Bedouévemy Tou VETOLY ONUAVTIXEC TEOXAOELS GTOUS aAYOopiU-
poug SLAM, emitpémovtac pag vor 00XIACOUUE TO GUCTNUO UoG O BLApopa CEVIQLOL oL VoL
avadei&oupe Tig Suvatdtnteg Tou. H mepapatin pog allohdynor anoxdiude 6t 1 oflomoinon
NG Yeouux | Soung Tou TEpBEANOVTOS EXEl WS ATOTEAEGUN TNV GUYOALXT abEnomn Tng axp(Betag
xar e evpwotiag tou SLAM ahyoplduou o clyxplon ye dAlo cUYYpOVO GUCTAULATA TOU
BaociCovton oe ornueio.

ITap'dho mou 1 mpdodoc otny meployn Tou duvouxod SLAM elvar porydola, uTdpyOUV o-
%xOUL TOAAG avouly Té TeoPAYjuata Tor ontola TEENEL Vo avTetwmiotoly. Kdmoleg and autég
TIC TROXATIOELS €YIVAY EUPAVELS OTT SLEIEXELL QUTAS TNS OLTAWUATIXNAG, TUEEYOVTOS UAS TOANS
UTOOYOUEVES UEANOVTIXES EpELVNTIXES XaTeulUvoelg. Mellovtindg yog otdyog elvar 1 mpo-
onddeior AVTWETOMONS Tou TpofAiuatog tne Unopdng avip®nwy, ol omolol amoteholv €va

ONUAVTLIXO TOGOGTO TWV XAUTTWY OVIOTATWY oTa Tep3dALoVTa, ETexTElvOVTAC TNV LAOTOINOT

49
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woc Gote va ebvan o Véom var yepto tel Tig aveEdeTNTES XIVACELS TOV YROUULXDY CXEAETIXDY

UEpwV TOUG.
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6.1 Introduction to visual SLAM

Robotics is a rapidly evolving field that focuses on the design, construction and operation
of robots, which are machines that are employed to perform tasks in a designated and
controlled manner, usually without the need for human interaction. The end goal of
robotics is to create truly autonomous and mobile robots that can operate in a variety
of environments and perform complex and diverse tasks. The importance of autonomous
mobile robots has already started to become apparent in a plethora of applications, such as
autonomous driving, deep sea discovery, space exploration, rescue missions, fire prevention,
agriculture, elderly care, and many more. The advancement of robots can contribute to a
significant improvement in the quality of life of humans, the protection of the environment
and financial growth.

Robot autonomicity is a challenging task that is directly related to the robot’s ability to
perceive, understand and interact with its environment, made possible by the existence of
a variety of sensors. The enhancement of these abilities has given rise to different areas of
research in robotics, posed by problems that require the cooperation of multiple disciplines,
such as computer vision, artificial intelligence, control theory, optimization and others. One
of the most important problems in robotics is the Simultaneous Localization and Mapping
(SLAM) problem, which is crucial for the perception of the robot’s environment and its
ability to navigate and act in it.

SLAM is a fundamental and well-studied area of Robotics and Computer Vision [Cad+16;
Ros+21al, with applications in a wide range of applications, including autonomous driving,
augmented reality and house robots. SLAM aims to find the most probable trajectory
of a robot, given its sensor measurements, while buidling at the same time a map of the
environment. Map existence prevents accumulation of pose drift caused by noisy sensor
measurements, while it also provides meaningful information about the topology of the
environment (see Figure 6.1). Different sensors have been utilized to solve this problem,
such as cameras, in which case it is termed as visual SLAM (vSLAM), IMUs and LiDAR.
Advances in camera technology and easier access to high-quality cameras, such as RGB-D
cameras, have led to the development of many robust visual SLAM systems.

SLAM algorithms have diversified in many ways, thus creating a lot of areas of open
research. For example, various structural elements, such as sparse points [KM07; MT17],
voxels [Ros+21b], surfels [Sco+18] or other geometric entities like lines and planes, are
used for map representation. Likewise, tracking in visual SLAM is performed either
directly [ESC14] or by detecting features, like ORB [Rub+11] or more complex geometric
shapes such as lines [Gom+19], planes [Kael5] or both [Zhe+22].

While there have been many advances in visual SLAM and in SLAM in general, with
many robust and efficient systems being developed, there are still many challenges that
need to be addressed. One fundamental problem is the ability of SLAM systems to
handle dynamic environments, where objects move, are added or are removed from the

scene. Traditionally in SLAM research, the world was assumed to be static and measure-
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Layer 5: T
Buildings T

Layer 4:
Rooms

Layer 3:
Places and
Structures

Layer 2:
Objects and
Agents

Layer 1:
Metric-Semantic
Mesh

Figure 6.1: Example of a map created by Kimera [Ros+21b], a state-of-the-art visual SLAM
system. The map has multiple layers of abstraction, from the low-level Metric-Semantic
Mesh to the top-level of Buildings. This system underlines the capabilities provided to
robots by modern visual SLAM systems, by enabling them to perceive the true topology of

their environment.

ments on dynamic objects were handled with generic outlier rejection techniques, such as
RANSAC [FB81], and robust loss functions, like the Huber loss function. This approach,
however, is error-prone in highly dynamic environments, and due to the nonconvexity of the
minimization problem used in SLAM, persisting outlier observations can prove detrimental
to overall system accuracy. Therefore, it becomes apparent that the development of robust
dynamic SLAM systems is vital for the operation of robots in real-life environments, which

are dominated by humans, cars, and other moving objects.

Even though it has been proven that the use of more complex geometric shapes such as
lines increases the robustness of SLAM [Gom+19; Pum+17], especially in textureless and
low-lit areas, little research has been done on their use in dynamic environments. Motivated
by this and by the need for accurate SLAM systems in human-centered environments,
we propose a SLAM system that tracks static and dynamic points and lines to estimate

camera positions and motion of dynamic objects in the scene (see Fig. 6.2).
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Figure 6.2: Output of our system: Points and lines are tracked on both static and

dynamic objects. Features presented: static points (Red), static lines (Blue), and dynamic

lines (Green). Speed calculated from the estimated motion of cars is shown.

6.2 QOur approach, our contributions and structure of the
Thesis

The focus of this thesis was to familiriaze with the field of visual SLAM and it’s
underlying principles, and to develop an algorithm that introduces lines as a geometric
primitive in dynamic SLAM, in order to enhance the accuracy and robustness of the system
in dynamic scenarios. Initially, there has been an extensive review of the existent literature,
with focus on various formulations of the SLAM problem, the optimization techniques
leveraged, the different features used for tracking and mapping, the already existing SLAM
systems and especially those which have been developed for dynamic environments. Taking
into consideration the strengths and weaknesses of the techniques employed, we have

developed a novel SLAM system, with contributions and novelties present in every aspect
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of our implementation including:
e The usage of optical flow for richer line correspondences.

e Introduction of line reprojection error terms for camera tracking and object motion

estimation, with the concurrent optimization of optical flow as a two-fold contribution.

e Inclusion of lines in partial and global batch optimization, with the introduction of

novel cost functions.

e Verification of our method on challenging datasets and comparison against state-of-

the-art dynamic SLAM systems.

Combining the advantages of dynamic and line SLAMs, we developed a system that
surpasses other state-of-the-art systems and verified its performance on both outdoor

driving and dynamic indoor datasets. The rest of the thesis is structured as follows:

e In Chapter 7, we present the theoretical background of SLAM, as well as related

work.

e In Chapter 8, we present an overview of VDO-SLAM, a state-of-the-art system that
has been the basis of our implementation, and in great detail SDPL-SLAM, our novel

system.
e In chapter 9, we present the experimental evaluation of our system.
e In Chapter 10, we conclude our work and give directions for future research.

e Lastly, in the Appendix, we provide mathematical derivations and additional infor-

mation about our system.
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In this chapter we are going to present the core concepts of the area of SLAM, as well
as related work, which has already been conducted in the field. As mentioned earlier, since
the measurements produced by sensors are noisy, the aim of SLAM is not to recover the
true state of the world, but to infer the most fitting estimate based on given observations,
and therefore the problem had to be formulated in a probabilistic manner. Specifically we
assume that the state x; of a robot at time ¢, knowing the input to its actuators us, can

be estimated from the state at the previous time step x;_1 through a motion model:
P(x¢|x¢—1,u4). (7.1)
The state x; produces observations z; through an observation model:
P(z¢|xy). (7.2)

Combining these a priori known models with measurements produced during the robot
navigation, an estimate for the state of the world can be infered with various methods that

will be analyzed in the following sections.

7.1 Initial Approach to the SLAM problem with filtering

methods

In the early stages of SLAM research, the most dominant approach to the solution of
SLAM was through probabilistic filtering, under which only the last state of the robot or
camera is estimated. Specifically, given a series of observations z1,; and actuator controls
uy., the goal is to determine the probability distribution of robot state, x;. Following the

conventions of [TBF05], we denote the belief that a robot is in a state x; by bel(x;):
bel = P(x¢|z1.4,u1:) bel = P(x¢|z1.¢1,u1:4) (7.3)

The difference between the above two definitions is caused by the incorporation or not
of the measurement z; in the inference of belief. Having defined these, the Bayes Filter
Algorithm is the following:
Algorithm 4: Modified Bayes Filter Algorithm [TBF05]
Data: bel(x;—1),uy, 2
Result: bel(x;)

1 forall x; do

2 bel(x;) = [ P(x¢|uy, x¢—1)bel(x;—1) dxi—1
3 bel(x;) = nP(z|x;)bel(x;)

4 end

5 return bel(x;)

As can be observed, Algorithm 4 divides its execution iteratively in two steps (i) an
estimation step that utilizes the motion model and the belief distribution of the previous

state x; and (ii) a corrective step which incorporates the last measurement.
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In order to use Bayes Filter Algorithm in practice various assumptions are usually

made:

e Linearity of motion model with added gaussian noise ¢;:

Xt = Atxt—l + Btut + € (74)

e Linearity of measurement model with added gaussian noise d;:

z; = Cxy + Oy (75)

e The initial belief bel(xg) is a gaussian distribution, with mean p, and covariance

matrix .

Under these conditions, due to the properties of gaussian distributions, it can be proven
that the belief distribution bel(x;) is always a gaussian distribution. By appropriately
modifying Algorithm 4 in accordance with the above assumptions, the well-known Kalman
Filter Algorithm is defined as a special case of the Bayes Filter Algorithm:

Algorithm 5: Kalman Filter Algorithm [TBF05]
Data: p;_ 1,21, 04,24
Result: p,, 3
By = Ay + Bruy
S = A4S 1 AT + Ry
K; = ith(CtitCtT + Q)
wy = iy + Ki(z — Cofiy)
Y = (I — KiCy)%y

return p,;, >

[ N VN

The belief bel(x;) is represented through the mean p, and covariance matrix ¥; of
its gaussian distribution, R, Q); are the covariance matrices of gaussian noises €; and d;
respectively, and K, called Kalman gain, specifies the influence that the discrepancy
between the estimated measurement and the actual measurement will have on the new
state estimate.

Even though Kalman filtering has been very popular in many applications, in SLAM as-
sumptions about the linearity of the probabilistic models are very strict, and the transitions

can be better described as follows:
Xt = g(Xe—1,u¢) + €&z = h(x¢) + 0 (7.6)

where g and h are non-linear functions. In an attempt to address this problem Extended
Kalman Filter (EKF) was introduced, which utilizes the first-order Taylor expansion to
create local linear approximations of functions g and h, thus avoiding the overgeneralization
of linearity across their entire domain space, allowing for more accurate modeling of the

system’s dynamics under non-linear conditions.
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Algorithm 6: Extended Kalman Filter Algorithm [TBF05]
Data: p,_q, 21,0, 2¢

Result: p,, >,

By = 9k, )

2 ¥y =GY G + Ry

8 Ky = Sy H] (HSHE + Q)

4 py = iy + Ki(z¢ — h(Ry))
5
6

=

¥ = (I — KiHy)%y

return p,, >

Gy, H; are the Jacobians of g and h respectively. It is important to note that the results
of EKF algorithm depend heavily on the quality of the linearization and the choice of
initial state. The EKF Algorithm is performed iteratively in every time step, and for each
measurement the mean and covariance matrices are updated accordingly, by adding new
terms in the case this measurement corresponds to a newly observed landmark in the
environment, or by updating the existing terms in the case of a known landmark.

To clarify the implementation details and computational demands of Extended Kalman
filtering in SLAM, we will consider a 2D SLAM scenario. In this case robot’s state
is represented by vector x = [z,y,0], where x,y are the coordinates of the robot in
the environment and 6 is the orientation of the robot. The i-th’s landmark position
gaussian distribution is described by its 2-dimensional mean m; = [z;, y;| and corresponding
covariance matrix. Therefore, for N observed landmarks, the state vector in the EKF
algorithm would be x; = [z,v,0,71,y1,...,2n,yn]T, having a size of 3 + 2N and the
covariance matrix 3; would have a size of (3 + 2N) x (3 + 2N). As a result, the EKF
algorithm has a complexity of O(N?), which can be attributed to the inversion of the
(34+2N) x (3+2N) covariance matrix in every iteration. This complexity places a constraint
on the number of landmarks that can be handled by the EKF algorithm, thus rendering
this approach unsuitable for large-scale SLAM problems.

7.1.1 Non-parametric methods

The methods analyzed in the previous sections are governed by the assumption that bel
follows a gaussian distribution, which although generally effective, has certain limitations.
Specifically, because of the unimodal nature of the gaussian distribution, Kalman filter-
based algorithms fail to correctly represent multiple hypotheses about the state of the
robot, an ability that is crucial in environments where similar objects or backgrounds can
cause ambiguous measurements and thus multiple modes in the belief distribution. In order
to address this issue, non-parametric methods have been explored, since they are able to
represent complex distributions that lack a straightforward analytical form by utilizing a
sampling technique similar to Monte Carlo methods to approximate the distribution. One
of the most common non-parametric methods is the Particle Filter, which approximates

the belief distribution by a set of particles x,[fl],x?], - ,x,[fM], distributed in accordance
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with the belief. The algorithm can be broken down into the following steps using the

terminology of the previous sections:

e Initial Sampling: M initial particles are sampled from bel(x;) if there is a previous

time step or from the initial belief distribution bel(xg) if t=0.

e Weight Update: Weight is attached to each particle of the previous step based on
the likelihood of measurement given their robot state hypothesis x;, ie. P(z|x;). A

visualization of this process can be seen in figure 7.1.

e Resampling: Particles are resampled with a likelihood proportional to their corre-
sponding weights, thus retaining particle hypotheses that are more likely considering

the new observations.
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Weights f(z)/g(z) are given to each sample.
Samples with bigger weights are illustrated

with longer blue lines at the bottom.

Figure 7.1: Illustration of sample weight allocation, based on target (f = bel) and proposal
distribution (g = bel) [TBF05].

Given that the number of particles is large enough the above procedure can approximate
the belief distribution, with state spaces that contain denser regions of particles having
higher probability. A successful SLAM algorithm that utilizes the Particle Filter is
the FastSLAM algorithm [Mon+02], which is based on the Rao-Blackwellized Particle
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Filter [Dou+13]. Another approach to address the unimodality of gaussian distributions is

presented in Section 7.5

7.2 Maximum a Posteriori Method

In most recent years, research in SLAM favored the use of maximum a posteriori (MAP)
methods instead of the filtering methods [SMD10] described in the previous sections. MAP
in SLAM has been based on the seminal work in [LM97] and aims to find the most probable
set of robot pose trajectory and map state given independent measurements at each time
frame. Namely, let x = {x1,...,xx} denote the series of non-observable robot states and
z = {z1,...,2x } the series of observable measurements. With this notation, finding the
most probable robot trajectory would be equivalent to maximizing the following posterior
probability:

P(z|x) P(x)

Pz) = argmax, P(z|x)P(x) (7.7)

argmax, P(x|z) = argmax,

In the above equation, the Bayes rule was used for the derivation. In addition, assuming
a unified probability for all robot states and independency of measurements, equation (7.7)
can be further simplified to the main optimization problem of MAP SLAM:
K
argmax, P(x|z) = argmax, P(z|x) = argmax, H P(zy|Xx) (7.8)
k=1
where X, is the subset of variable observation z; depends upon. The distribution P(zg|X})
is usually assumed to be gaussian, with its mean being the predicted measurement zj
and its covariance matrix 2 being the uncertainty of the measurement. The predicted
measurement is calculated from the measurement model hy, as z = hi(Xx). The factors in

the optimization problem can thus be rewritten as:

Planl) o oxp (o0 — a9 o~ (40 ) (7.9)

As is often the case in optimization problems that involve gaussian probability distributions,
the above equation is transformed into a minimization problem by taking the negative

logarithm of the probability distribution, resulting in the following cost function:

K
argmin, Y (2 — (X)) (26 — hi( X)) (7.10)
k=1
Paying closer attention to the above equation, it can be observed that the initial MAP
problem is equivalent to a non-linear least squares optimization problem, consisting of energy
terms that are proportional to the squared error e, = zx — hi (X)) between the predicted
measurement and the actual measurement. Therefore the MAP SLAM problem often
reduces to finding the suitable energy functions that accurately describe the constraints

induced by the robot’s motion and measurements.
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Because this optimization problem is non-linear and non-convex, there is no closed-form
solution, and as a result, iterative optimization methods are employed to solve it. However,
even these iterative methods require the linearization of the cost functions, which can
be achieved through their first-order Taylor expansion in the neighborhood of the initial

estimate of robot state x:

ek(fc + AX) ~ ek(fc) + JpAx (7.11)

where Ji is the Jacobian of h, with respect to x evaluated at X. Defining F = Zszl Fr =
S el 0 ey, and subsituting (7.11) the following is obtained:

Fr(X + Ax) = e (%X + Ax)TQ, tep (% + Ax) ~ (ep(%)” + JpAx)TQ; Hek(X) + T Ax)
= ek(fc)TQI;lek(f() +2 ek(fc)TQ]:le Ax + Ax” J;{lel.];C Ax

~~ ~—
Ck bz H;,
=cp + 2by - Ax + AXTHkAX
and thus the optimization problem can be rewritten as:
K K
F(x+ Ax) = Z Fr(x+ Ax) = Z cr + 2by - Ax + AxT HAx = ¢+ 2bT Ax + AxT HAx
k=1 k=1

(7.12)
where ¢ = Zle ¢k, b = Zle by and H = Z,le Hjy. The best solution Ax*, that
minimizes locally the cost function, can be calculated by differentiating the above equation

with respect to Ax and setting it to zero, resulting in the following:
HAx* = -b (7.13)

Once the solution Ax* is found, the new estimate of the robot state, which is calculated
as x* = X + Ax*, is used as the initial estimate for the next iteration of the optimization
problem. This iterative process describes the Gauss-Newton algorithm. Another iterative
algorithm widely used in the optimization in SLAM is Levenberg-Marquardt, which is a
modification of the Gauss-Newton algorithm, that includes a damping factor through the

approximation of the Hessian matrix H with the following:
H+ A (7.14)

where A is the damping factor and I is the identity matrix. The solution, similarly to (7.13)

results from the following equation:
(H+ M) Ax* = -b (7.15)

The damping factor is altered throughout the iterations, thus enabling the algorithm to
behave like the Gauss-Newton algorithm when the solution is close to the minimum, and

like the steepest descent algorithm when the solution is far from it.
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7.3 Optimization on manifolds

In the analysis of the previous section, it was assumed that the optimization occurs
within a Fuclidean space, which overlooks a crucial aspect of the SLAM problem: the
robot poses are confined to a manifold, due to the rotational components of the robot’s
state. A manifold differs from Euclidean space, resembling one only locally, much like
the earth seems flat for those standing on its surface. For instance, a robot’s 3D pose
might be represented by a matrix T(R,t) € SE(3), where R € SO(3) and t € R3 is
the rotation and translation of the robot respectively. SO(3) forms a three-dimensional
manifold embedded inside a 9-dimensional space, since the parameters of a rotation matrix
are 9. Operations like addition are not defined in SO(3) as in Euclidean spaces, and as a
result attempting to add quantities (such as an update in the iterative processes mentioned
earlier) to a rotation matrix, can violate inner constraints this manifold imposes, such as
orthogonality. Consequently, the optimization process may yield invalid solutions, that
require renormalization. Furthermore, choosing an overparametrized representation of the
robot’s state, such as rotation matrices and quaternions—which have more parameters
than the actual degrees of freedom—may cause the optimization of non-existent degrees of

freedom, that would call for further renormalization [HPOS].

Therefore it could be argued that minimal representations, such as Euler angles, should
be used for representing rotations; however, this is still a non-optimal choice, since these
angles suffer from inherent issues such as the well-known gimbal lock problem due to
singularities. As a result, to address these problems, it has been proposed that rotations
are represented globally in an overparametrised form—using rotation matrices or unit
quaternions—to avoid singularities, while updates are minimally calculated within the
local Euclidean space of the rotation manifold. These updates can be directly mapped
back onto the manifold, thereby ensuring that the resulting rotation matrix remains valid,
satisfying all the necessary constraints such as orthogonality and a determinant of 1, as

required for SO(3) representations.

Conveniently, this can be achieved using the concepts of Lie groups and Lie algebras,
which are employed to describe certain manifolds, such as the manifold of rotations,
and their tangent spaces. These mathematical frameworks provide the capability for the

mapping of the updates from their minimal representations back onto the rotation manifold.
Definition 7.3.1: Lie group [HH13]

A Lie group is a smooth manifold G, the elements of which satisfy the group axioms

(G, 0).

Lie groups, which are smooth manifolds, exhibit a unique property: locally, they appear
identical at every point. Each Lie group has a corresponding Lie algebra, which is a vector

space that is tangent to the Lie group at the identity element. Specifically:
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Figure 7.2: Manifold M and its Lie algebra, which is the tangent space at the identity
element. Vectors in Lie algebra (straight green, blue, and yellow lines) are mapped through
the exponential map to the manifold (curved green, blue, and yellow lines). The vectors
in the Lie algebra, in the case of SLAM, are the updates to the robot’s state, while the
manifold is the space of the robot’s states [SDA18].

Definition 7.3.2: Lie algebra [Bla22]

A Lie algebra is an algebra m with a binary operator [-,:] : m x m — m called the

Lie bracket, that satisfies the following properties for any elements a, b, c € m:
e Anti-commutativity: [a,b] = —[b, a]

e Jacobi identity: [a, [b, c]] + [b,[c, a]] + [c, [a,b]] =0

Lie algebras are used to describe the local behaviour of Lie groups, and are the tool that
allows the mapping of updates from the minimal representation to the manifold, through

the following functions:

e Exponential map: exp : m — G, which maps an element of the Lie algebra to the

Lie group.

e Logarithmic map: log : G — m, which maps an element of the Lie group to the

Lie algebra.

In Figure 7.2 a manifold, its Lie algebra, and the exponential map are illustrated, showing
how updates in the Lie algebra are mapped exactly onto the manifold, thus obviating the
need for renormalization.

The group of rotation matrices SO(3) is a Lie group with its corresponding Lie algebra
so(3) which is the tangent space of SO(3) at the identity element. This tangent space
can be determined, by taking the derivative of the orthogonality constraint, yielding the
following result [SDA1S]:

RTR=1=R'R+R"TR=0=R'R=-R"R (7.16)
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This implies that RT R is a skew-symmetric matrix:

0 —Wws3 w2
RTR=|ws 0 —wi|=[w]x (7.17)
—Ww9 w1 0

where [-]x is the skew-symmetric matrix representation of a vector. To get the tangent
space at the identity, R is set to the identity matrix, and the above equation can be
rewritten as:

R = [w]x (7.18)

This shows that the Lie algebra of SO(3) is a vector space that can be defined by three

generators:

00 O 0 0 1 0 -1 0
Er=10 0 —1|, E,=|0 0 0|, Es=1[1 0 0 (7.19)
01 O -1 0 0 0 0 O
as:
W]x = wa B + wyFEs + w. E3 (7.20)

Therefore the Lie algebra so(3) can be associated with R? via the correspondence w =
(We, wy,w). The exponential map of SO(3) is the Rodrigues’ formula, which maps elements

on the Lie algebra onto the Lie group:

n (1 —cos(0))

7 [w]? (7.21)

exp(lw]x) =1+

where 6 = | /w2 + w? + w2. To abstract away from the underlying mathematical operations,

the “boxplus” operator is defined, which is the equivalent of the addition operator in Lie
groups:

xHJd = xexp(d) (7.22)

where in the general case x € G and ¢ is an element of the corresponding Lie algebra m.
Similarly, the “boxminus” operator is defined, as the equivalent of the subtraction operator
in Lie groups:

xBy =log(xly) (7.23)

where z,y are both elements of Lie group G. With these definitions (7.11) can be rewritten

as:
er(x B Ax) ~ er(x) + JpAx (7.24)
where J; becomes:
aek(f( H AX)
J. — 7.25
= e (7.25)

With this substitution the optimization problem is solved as described in the previous
section, with the difference that now it is executed on the manifold, ensuring that the

updated rotation matrices continue to belong on it.
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7.3.1 Derivative of Rotated Point

The complexity of the optimization process can be mostly attributed to the participation
of rotations. It is very common for an error function to contain a rotated point of the form
R - p, where R is a rotation matrix and p is a point in the environment, that needs to be
differentiated with respect to the update parameters of the rotation matrix to calculate
the Jacobian (7.25). Therefore in this subsection, we are going to show in greater detail
how this derivative can be calculated.

Firstly, we are going to define the axis-angle representation of rotations:
Definition 7.3.3: Axis-angle representation

The axis-angle representation of rotation R consists of unit vector n and angle 6, or
can just be described by vector w = 6 - n. This representation is closely related with
the Lie algebra of SO(3), since a small rotation about axis n by an infinitesimally
small angle § (fn = w = (wg,wy,w,)) corresponds to Lie algebra element [w]y
through equation (7.20).

The rotated point after an infinitesimal update to the rotation matrix can be represented
as Rupd(Wupd) - R - P, where Rypq(wypd) is the rotation matrix that results from the
exponential map of the update Lie algebra parameters w,pq. As mentioned in the previous
subsection (7.21) in the case of SO(3), the exponential map is equivalent to Rodrigues’

formula. Since the update is infinitesimal (7.21) can be simplified as following [Sze22]:

0 —Ww, Wy
Rupd(Wupd) = I + sin(bupd) [Mupd]x = I + [BupdDupd]x =1 + | w, 0 —wg| (7.26)
—Wwy Wy 0

Therefore the updated rotated point can be rewritten as Rypq(wupd) - R-p ~ R-p +
OupdNupd X (R-p) = R-p+ wypa X (R-p). Consequently, the derivative of the rotated
point with respect to the update parameters can now be calculated as:

BRupd(wupd) -R- P _ 8Rupd(wupd) i (R : p) _ —[R X p} (7 27)
8wupd awupd ) .

7.4 Factor Graphs

Maximum a posteriori methods can be elegantly connected with the inference of a
probability in a probabilistic graphical model. The SLAM problem has a very specific
structure since measurements rely only on a specific subset of the robot’s states. This
structure can be efficiently represented with probabilistic graphical models, which are
able to describe complex probability densities, as well as the dependencies between the
variables. As it was shown in (7.8) the target posterior probability can be factorized into
a product of factors, a fact that can be exploited to represent the SLAM problem as a
factor graph [DK+17]. A factor graph is a bipartite graph that consists of two types of
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Figure 7.3: Factor graph representation of the SLAM problem, containing robot poses
1, T9, 3 and landmarks lq, lo. Variable nodes are represented with white circles and factor
nodes with black points. Factor nodes are connected only to the variable nodes they depend

upon and represent constraints between variables, created by measurements [DK+17].

nodes, variable nodes and factor nodes, with the variable nodes representing unobservable
variables, such as robot and map landmark states, and the factor nodes representing the
constraints between the variables, induced by measurements. It follows that factor nodes
are connected only to variable nodes upon which they depend. There have been two main
frameworks that utilize this graph structure for the SLAM optimization, GTSAM [Del12]
and g2o [Kiim+11] library. g2o refers to its graph structures as hypergraphs, but they are

fundamentally equivalent to factor graphs.

7.5 Advanced Graph-based SLAM Approaches

In this section, we are going to analyze advanced approaches in graph-based SLAM
that address a core challenge: noisy data-association. In [SP12], it is assumed that the
graphs representing the SLAM problem are not perfect, and thus false loop closures may
exist. The authors address this problem by introducing switchable constraints, which are
variables attached to the loop closure constraints (edges in the graph) that can “enable”
or “disable” them. These variables are continuous and participate in the optimization as
inputs to switch functions, such as sigmoids and step functions. Consequently, the topology
of the graph representation can be manipulated by the optimization process, resulting in
more accurate solutions.

Another significant body of work attempts to address the assumption that graph models
are based on unimodal gaussian distributions, which create a network of gaussian poten-
tials [SR14]. As mentioned in previous sections, the unimodality of gaussian distributions
fails to address ambiguous measurements or incorrect data associations effectively. Most of
the approaches, that will be presented in the rest of this section, assume an approximation

of sum-mixtures of gaussians, known as max-mixtures [OA13], which instead of the sum,
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rely on the max operator. These models have multiple modalities and are therefore capable
of representing more complex distributions. The max operator functions as a selector of
the best gaussian in the mixture, returning a single gaussian component on which the
known optimization processes are applicable.

In [Lu+21] object poses ambiguities—such as those caused by symmetric objects—are
addressed with the introduction of discrete decision variables corresponding to hypotheses
on the true pose of objects. Since these variables are discrete, max-mixture models
are leveraged for the optimization, enabling efficient tracking of multiple hypotheses.
Similarly, [Doh+20] introduces discrete data association variables, thereby allowing the
preservation of multiple hypotheses in object associations. These variables are eliminated
from the inference procedure again through the max-mixture approach.

In summary, addressing the problem of noisy data association in graph-based SLAM
involves various strategies, either with the introduction of continuous variables, such as
switchable constraints, or discrete variables, incorporated into the optimization through
max-mixture models, which have been shown to be a powerful tool to handle the limitations

of unimodal gaussian distributions.

7.6 SLAM systems

The SLAM problem is an area of robotics that has been extensively researched, and
as a result, many SLAM systems have been developed. In our work we will focus on
a subcategory of the SLAM problem, termed visual SLAM (vSLAM), whose developed
algorithms receive their main source of data through a monocular, an RGB-D, or stereo
cameras. In this section, we are going to present some of the most well-known vSLAM
systems, with a special focus on the ones that handle dynamic environments.

MonoSLAM [Dav+07] was the first system that achieved simultaneous localization and
mapping leveraging only a monocular camera. MonoSLAM adopts the EKF approach
(Algorithm 6), and represents observed features as small planar 11 x 11 pixel images
in 3D space, whose depth is estimated after detecting them from multiple viewpoints.
Despite its ground-breaking contributions, MonoSLAM requires some prior knowledge of
the environment, through the placement of objects in predetermined locations in front of
the camera at its starting position. In contrast to MonoSLAM, traditionally, points were
the de facto features used in the vSLAM problem. PTAM [KMO07] was such a system that
divided tracking and mapping tasks into two threads to ensure real-time execution. ORB-
SLAM?2 [MT17] with the utilization of ORB features and the use of a sparse pose graph
for Bundle Adjustment, achieved real-time performance, while also providing robustness
with the capability to close loops and relocalize in cases of lost tracking.

However, points might provide insufficient correspondences in some low-light or low-
texture areas and sparse point-based maps lack detailed information. On the contrary,
more complex geometry shapes, such as lines, are commonly encountered and encapsulate

more descriptive information about the environment. This observation led to the rise of
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many systems that utilized lines [Gom+19; Pum+17], planes [Kael5] or both [Zhe+22]. To
avoid suboptimal solutions when using these geometric entities in an optimization process,
minimal representations are used, such as the orthonormal representation [BS05] for lines
in [Zuo+17].

Dynamic SLAM systems can be divided into two categories. Systems in the first category
detect dynamic objects in frames and remove them from tracking and optimization proce-
dures. DynaSLAM [Bes+18] leverages semantic masks provided by Mask R-CNN [He+17]
and reprojection error checks to discard dynamic objects. In DS-SLAM [Yu+18] the
distance from epipolar lines is used in conjunction with semantic segmentation to reject
dynamic objects. StaticFusion [Sco+18] performs a joint estimation of camera pose and
scene dynamicity, making use of a two-term energy error function. According to the
estimated dynamicity a weight is attached to the observations, affecting their participation
in the optimization problem. ReFusion [Pal419] estimates pose directly from the truncated
signed distance function (TSDF), and detects dynamicity in the scene by checking residual
errors after the first registration, while also by finding occupied voxels that were previously
empty.

On the contrary, systems of the second category detect dynamic features and track them
without discarding parts of frames, thus exploiting present information more efficiently
and bridging the problem of SLAM and Moving Object Tracking. VDO-SLAM [Zha+21]
utilizes semantic information to distinguish dynamic objects from the static environment,
incorporates both in the SLAM framework, and calculates egomotion and dynamic rigid
objects’ independent movement without prior knowledge of their geometric models. Dy-
naSLAM II [Bes+21] proposes a bundle adjustment problem that includes both static and
dynamic features, in addition to providing and optimizing 3D bounding boxes of moving
objects. AirDOS [Qiu+22] addresses nonrigid dynamic objects, by including constraints
in the motion of articulated objects. CubeSLAM [YS19] produces cube suggestions, that
contain 3D object estimations, from 2D bounding boxes through the utilization of vanishing
points. It also contributes a novel Bundle Adjustment framework based on [MT17], which
optimizes points, objects and camera poses, while also being capable to handle dynamicity.
Objects provide geometric and scalar constraints, which are crucial for the minimization of
scale drift.

In this thesis, we propose a novel SLAM system of the second category, which combines
the advantages of dynamic SLAM and the robustness of line SLAM systems, by tracking
points and lines on both static environment and dynamic rigid objects, resulting in a highly

accurate framework.
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8.1 VDO-SLAM as a Baseline System

In this section, we are going to give a brief overview of VDO-SLAM [Zha+21], the
system on which our implementation has been based. VDO-SLAM is a visual SLAM
system, which achieves concurrent estimation of the egomotion and accurate tracking of
moving rigid objects, by leveraging semantic information present on frames. It has been
vaguely based on top of ORB-SLAM, with significant modifications to all of its modules,
to achieve the aforementioned functionality. The overview of the system can be seen in

Figure 8.1.
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Figure 8.1: Overview of VDO-SLAM system [Zha+21]

The system receives as input a sequence of images, their corresponding depth, their
semantic segmentation, and dense optical flow between consecutive frames. In each timestep,
ORB features are tracked from the previous frame on the current frame using dense optical
flow, while new ORB features are also extracted to supplement the feature pool in cases
where the number of correspondences with the previous frame is not enough.

These correspondences are used to solve a PnP problem [LMFO09] to retrieve an initial
estimate of the camera pose, which is then optimized concurrently with the optical flow,
thus enhancing the accuracy of both pose estimation and of the correspondences created
by optical flow. Once the camera pose is estimated the execution proceeds with dynamic
object tracking. Initially, optical flow is leveraged to match the semantic masks produced by
segmentation in consecutive frames. Subsequently, scene flow analysis is utilized to separate
dynamic objects from static ones. Specifically, the estimated camera pose is used to align
corresponding observations of consecutive frames, hence obtaining an approximation of
point motions. Taking into consideration that scene flow should be negligible for static
objects, those with a high number of points that do not meet this requirement are deemed
as dynamic. The system then proceeds to track the motions of these objects by solving
a PnP problem for each of them, resulting in an initial estimate, which is then refined
similarly to the camera pose.

In parallel, a map is maintained containing camera poses, dynamic object motions,
and, inlier static and dynamic points that were not culled in the stages of camera and
dynamic object tracking. The map is optimized both locally, every set number of frames,

and globally, to enhance the accuracy of the camera pose, the object motions, and the
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mapping.

VDO-SLAM has been evaluated on the KITTI and OMD datasets, where it has shown
state-of-the-art performance compared against other dynamic visual SLAM systems. Our
implementation, SDPL-SLAM, extended significantly the work of VDO-SLAM, modifying
all of its components to add the concurrent utilization of both static and dynamic point
and line features, to achieve more accurate and robust tracking of egomotion and dynamic
objects. Our system has been compared against VDO-SLAM and DynaSLAM II, showing

superior performance in terms of tracking accuracy and robustness.
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8.2 SDPL-SLAM

In this section, our implementation is presented. As it has been mentioned earlier, even
though the problem of dynamicity in SLAM has been studied extensively, little research
has been conducted on the use of more complex features such as lines or planes, which
have been shown to enhance the accuracy and the robustness of the algorithms in the
static case. Motivated by this, our implementation leverages except points, also static and
dynamic lines, with the intuition being, that lines will offer both a higher number and a
diversity to the feature set, thus improving the accuracy. The structure of the following

subsections is the following:

e Notation used

e Overview of our system and explanation of each component

8.2.1 Notation

Coordinate systems are denoted by C} and placed as left superscripts for points and
lines, excluding the global reference frame 0 which is omitted where possible.

Points: The (in)homogeneous 3D coordinates of the ith point at frame k, with respect
to coordinate system C}, are denoted by C’“l\/[;:C € P? (and C’“M}; € R3). Similarly, 2D
coordinates with respect to coordinate frame I are represented as mi, € P? (and mj, € R?).
We consider that the last element of homogeneous coordinates is equal to 1.

Lines: A 3D line segment j at frame k can be represented by its endpoints {C’C Ai, Ch BZ:},

while an infinite 2D line in coordinate frame I}, is denoted by li. Pliicker line coordinates

ETIN Y, O e
Crpd = [ kA]é ) }’“D{C] = [CH%] (8.1)

can be constructed as:

where C* ]N)i: is the directional unit vector of the line. It can be observed that this is not
the general definition of Pliicker coordinates, since we also impose the two constraints
||Cr ﬁiH =1 and Nfc . Ok ﬁi = 0. These two constraints reduce the Pliicker coordinates
degrees of freedom to four, thus enabling a one-to-one transform to the orthonormal
representation. The orthonormal representation [BS05; Zuo+17] of the line (U, W) €
SO(3) x SO(2) can be calculated from the Pliicker coordinates as follows:

Chyri | OkNi Cr U7, CrNJ x kU
U(0) = [IIC’CN?;I 1€ O] |9 N] x kU7 || (8.2)
) CkNj _ Ckﬁj
Crrriran | TNl =70
o= Lckﬁm 1€y 53

Matrix U is updated with © and W with 6, as shown in [BS05].
Optical Flow: We define the vector that corresponds to the movement of a pixel
rhﬁ;;_l from Ij_q1 to I:
@), = My —my_, (8.4)
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Optical flows that correspond to a start or end point of a line j from I_; to I} are qi)i;a
and f;’b, respectively.

Transformations: A transformation matrix from frame &’ to k is denoted by KX, e
SE(3): M} = * X, ML.. The transformation matrix , ’Hj € SE(3) denotes a motion
for points on dynamic rigid objects from frame k£ — 1 to k with respect to the global
reference frame 0, i.e. © z = k_?HkOMZ_l. A transformation (R,t) can be applied to a

line represented in Pliicker coordinates with:

R [tlxR

,Tline = (85)

8.2.2 Overview of SDPL-SLAM

The overview of our system [MMM24] can be seen in Fig. 8.2. The system receives
RGB-D images as input, which are pre-processed to retrieve dense optical flow and semantic
segmentation. In the tracking stage, the camera pose is calculated from the last frame
using static point and line observations. Once camera pose is obtained, dynamic objects
are tracked and their motion between two frames is retrieved. In parallel, a local and a
global map are maintained. For every set number of time steps, a local batch optimization
is performed on the local map to refine the local trajectory, whereas the global batch
optimization is performed on the global map to refine jointly the whole trajectory and

map.

8.2.3 Line Correspondences and Camera Pose Estimation

Lines are detected using the Line Segment Detector [Von+08]. Lines that have a depth
discontinuity, or whose endpoints belong to different semantic masks are culled.

Optical flow is employed to acquire line correspondences in consecutive frames in the
same way point correspondences are found in [Zha+21]. This tackles a big problem often
present in line-based SLAM systems that use line descriptors, as lines cannot be detected
consistently between frames or are detected with different lengths. In the first case, the
correspondent line is not found, while in the second one, descriptors might not match due
to different line appearance. Utilizing optical flow, we have achieved a higher number of
line matches between frames ensuring long line tracklets.

An initial camera pose is estimated with a Perspective-n-Point algorithm in a RANSAC
scheme, using only points that do not belong to objects. To refine this estimate, we propose
a novel minimization problem, which optimizes concurrently camera pose and optical flow,
improving the initial point and line correspondences. Specifically, the following error term
is proposed:
li,obs ) W(OXEIAi—l)

; ‘ 8.6
li;obs 'W(OXk_lBi_l) ( )

.7 b
€ Zej(OXk, i;aﬂf)i ) = [
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Figure 8.2: SDPL-SLAM (Static-Dynamic Point-Line SLAM) system overview:
Consists of three main components: pre-processing (Blue), tracking (Yellow), and batch
optimization (Purple) [MMM24].

where lé’ObS is the observed infinite line given by:

Ao Jj,obs j,0bs
poobs _ [y | — B X by, (8.7)
k 1 Hai,obs x bi,obsH :
A2

where 7(-) is the projective function returning a homogeneous vector, i’a and i’b are the
optical flows corresponding to the start and end points of line j from coordinate frame I
to I;, and é{c")bs = éi_l + 12, f)i’Obs = f)i_l + qf)i,’b the endpoints of the observed line in
the current frame. This error term (8.6) consists of the stacked distances of the reprojected
endpoints of line j at frame & — 1 from the line defined by the observed corresponding
endpoints at frame k (see Fig. 8.4). If the solution of the minimization problem results in
an error term that exceeds a set threshold, the corresponding line is considered an outlier
and is removed. This error term resembles that of [Gom+19; Pum+17], however, in our
proposal, it is also dependent on the optical flow and new Jacobians had to be calculated.

The Jacobians of this error term were calculated analytically. The derivative with

respect to the optical flow of the start point (similar for the endpoint) was calculated as:

j,0b.
on"
R

88]'7[ _ —1Aj )T

267 (X AL (8.8)
k
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Figure 8.3: Top: Visualization of lines contained in the map maintained by SDPL-SLAM

for a city scene. Bottom: A frame from the data sequence that was used to create the map.

and the Jacobian with respect to the pose parameters =, as:

T .
[)\0] om(°Xk,AL_))
89 i, )\1 OBk
a?J = T _ (8.9)
=k Ao|  om(°Xy,Bl )
)\1 0=
or(OXy,Ad
For the calculation of the Jacobians ﬂ();+kk‘l) we initially define g = (g4, gy, g:]T =

Ox 5 1A£_1. The Jacobian then may be given by:

. 2
on(Xi AL ) _ | 0 R L% LA+ 5.10)
= U - MICE - B S

Tr(OXIWBi_l)

. 0 . .. .
The Jacobian o=, can be calculated in a similar manner. Details about the above
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Figure 8.4: 3D illustration of the line reprojection error term: Line endpoints
AZ:_I and Bi_l project onto coordinate frame I at the endpoints W(OXk,_lAi_l) and
w(°X . lBiq) that define the reprojected line segment. Optical flows ( i’a, (j)f;’b) and the
endpoints of the line segment at frame k& — 1 (éifl, f)iil) are added together to retrieve
the observed endpoints of the corresponding line segment at frame k. Error term (8.6)
corresponds to the cyan lines and represents the distances of the reprojected line endpoints

(Red) from the corresponding observed infinite line (Olive).

derivation can be found in in [Bla22], in which the reader may gain a deeper insight into
the mathematical background.
The minimization problem, based on the reprojection errors of points and lines, is thus

the following:

Np
{°X;, @1} = argmingoy, 5., > {pnle], T, eir)+
%

- (8.11)
ph(ezjl,—pzjjleiyp)} + Z{ph(ezrazglejﬂ'a)—l_ ‘

J

ph(ejTrbE;Iej7rb) + ph(ejTlZl_lej,z)}a

where “*”

denotes the optimal solution, n, and n; are the number of static point and
line correspondences, €;, is the well-known reprojection error term for points [MT17;
Zha+21; Qiu+22], €;,, ej,, and e;,; are regularization terms for the optical flows that
correspond to the points [Zha+21], and the start and end points of lines, respectively, 3 is
the covariance matrix for the regularization error terms, and ¥, and ¥; are the covariance
matrices associated with the reprojection error terms of points and lines, respectively. The
set @, contains all optical flow vectors from coordinate frame I;_; to I that correspond
to the points and line endpoints participating in the minimization problem. This problem
is implemented using the g2o library [Kiim+11], and is solved with the iterative Levenberg-

Marquardt algorithm.
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8.2.4 Object Tracking and Motion Estimation

After determining the camera pose, optical flow is employed to correlate semantic
masks of the same objects in consecutive frames. This is done by identifying the semantic
masks between consecutive frames, with the higher number of point correspondences within
them. Subsequently, scene flow analysis is utilized to separate dynamic objects from static
ones. Specifically, the estimated camera pose is used to align corresponding observations

of consecutive frames, hence obtaining an approximation of point motions as:
. 4 . , 0w Com ni
k=M — M =M - "X M, (8.12)

where f} is the scene flow vector. Taking into consideration that scene flow should be
negligible for static objects, those with a high number of points that do not meet this
requirement are deemed as dynamic.

Once the dynamic objects are identified, their motion is estimated by slightly modifying
the minimization problem of the previous subsection with the introduction of a similar

error term to (8.6):

< ob .
_ Ego ’ W(kf?GkAifl)

_ 0 j.a 4 j,b
€51 = ej(kz—le’v jA a¢k; ) = | j0b ; , (8.13)
17 ﬁ(k_?GkB{%l)

where the variable to be estimated is k??Gk =X & ! k??H r and, thus, the minimization

problem maintains the form of (8.11):

np
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It must be noted that even if a static object is initially incorrectly labeled as dynamic,

during this stage, it will be identified to have no relative motion and function as static.

8.2.5 Map, Local and Global Batch Optimization

During the execution of SDPL-SLAM [MMM24] a map is maintained, containing static
and dynamic points and lines, camera poses and object motions. The map structure can
be represented as a graph, a topic that was covered in section 7.4. A graph optimization
formulation is proposed to jointly refine the trajectory of the camera, the motion of
dynamic rigid objects, and the map which consists of points and lines on both static and
dynamic objects. This graph encapsulates constraints on the variables to be estimated,
in the form of error terms, which participate in a nonlinear least square problem, as
in [Kim+11]. Specifically, two types of novel line constraints are proposed, (i) 3D line

measurement constraints and (ii) constraints on the motion of lines that belong to dynamic
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L Liy i

Figure 8.5: Factor graph representation for line landmarks: Showcases only static
and dynamic line features and the constraints imposed by them. Translucent Circles:
3D static lines (Green), poses (Blue), 3D dynamic lines (Red), object motion transform
(Cyan). Opaque Circles: 3D line measurement constraints (Orange), constraints on the

motion of lines that belong to dynamic objects d (Magenta), pose constraints (Black).

rigid objects. The rest of the constraints, created by point and odometry observations,
remain as in [Zha+21]. The novel constraints (i) and (ii) are presented as orange and
magenta factors, respectively, in Fig. 8.5, which contains only line observations. Line
representations have to be minimal in order to avoid numerical instability problems during
their optimization and extra computational costs caused by extra degrees of freedom.
Orthonormal representation [BS05] is chosen as a minimal representation for 3D lines.

The 3D line measurement error is defined as:

19 AL x O 0] — NG|

(0 Jy
e k( Xk,ﬁk) = ”ckgi,obs y Ckﬁ?c B CkN?cH )

(8.15)
which represents the distances [Bro+10] of the observed 3D endpoints Cr Ai’abs, Cr Bf;‘)bs
from the Pliicker line j at frame k.

The following two notes are considered necessary. For static lines, subscript & of Pliicker
line elements ¥ ﬁi and ¥ Nfc is chosen as the first frame line j was observed, whereas for
dynamic lines it is actually the current frame k. Secondly, Pliicker coordinates are used in
the error calculation, however, the update parameters are calculated for the orthonormal
representation of the lines, as can be seen in the calculation of the Jacobian with respect
to the line parameters ¥ = (0,0) (see Appendix).

The constraint of motion of a line j that belongs to a dynamic rigid object d is divided
into a distance and angular cost and is defined as:

, , dist(£1, £
ejan(Lhy it HiL G ) = | arop |, (8.16)
[CANCA
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where k_?H g is the line motion transformation matrix for the object d. The superscript
“H» on a line j at frame k belonging to an object d is used to denote that it has undergone

a motion transformation k—?H g:

(8.17)

. A NoA
H
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Note that to simplify the notation for dynamic lines, we imply that they belong to an

object d. The function dist is given by the formula for the distance of two Pliicker lines:

dist(£], L7 =

[OLNTHNLOL e o
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The Jacobians of (8.16) are discussed in the Appendix.

8.2.6 Discussion about the Line Representation in Batch Optimization

In this subsection, we are going to justify our choice of line representation in our
proposed batch optimization problem. As was mentioned in the previous subsection,
because lines get optimized in our graph proposal, their representation has to be minimal
to avoid extra degrees of freedom, thus ensuring a correct optimization. Taking that into
consideration, there are two possible choices; either to optimize line segments represented by
their endpoints or to transform the line segments into infinite lines using their orthonormal
representation.

Even though the endpoint representation of lines in graph optimizations is widely used
in the literature [Gom+19; Pum+17], we believe that it is not optimal. To justify that, we
analyze the usual case, in which the error to be minimized is the distance of the endpoints
of one line from another. Considering that a line is the closest to another nonparallel line
at just one point, this error could get smaller by the endpoints just moving closer to that
point. Therefore, in this scenario, new local minima could be created in the minimization
function, thus leading to nonoptimal solutions. Due to this observation, the orthonormal
representation of lines was chosen, which apart from dealing with this problem, also has the
advantage, that, because of the smaller number of parameters compared to the endpoint
representation, is less computationally demanding. An illustration of this can be seen in

Figure 8.6.
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Figure 8.6: Illustration of the problem of endpoint representation of lines: A
and B are the endpoints of a line segment, C and D are the endpoints of another line
segment, and M is the point on line segment AB that is closest to segment C'D. An error
corresponding to the distance of endpoints A and B from the other line segment, could get
smaller by the endpoints just moving closer to the point M, as illustrated with A’ and B’.

A’ and B’ have a smaller distance from line C'D and thus correspond to a smaller error.
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To underline the significance of line integration in dynamic SLAM, we conducted
a series of experiments in various indoor and outdoor environments and we compared
our results against other state-of-the-art methods to demonstrate the effectiveness of our
implementation. In this chapter, we present the preprocessing procedures for the datasets,
the error metrics used, and our findings on the accuracy of camera egomotion and rigid

object poses.

9.1 Datasets

To evaluate the performance of our method in dynamic environments, we tested our
algorithm in real-life and challenging datasets. To better assess the accuracy of our method
in various conditions we used both indoor and outdoor datasets, namely KITTI Raw
Dataset (KITTI) [Gei+13], which consists of extensive urban driving scenarios and Oxford
Multimotion Dataset (OMD) [JG19], which includes video sequences of indoor environments
with multiple moving objects. In addition, to analyze the robustness of our proposal,
sequences with different levels of dynamicity and duration were selected, therefore covering
a wide range of possible environments of operation. These datasets provided the necessary

information required by our algorithm including:
e Stereo images or RGB-D frames.
e Ground truth camera poses.
e Ground truth poses of dynamic objects.
e Transformations between sensor and camera frames.

This input data was leveraged to extract semantic masks of dynamic objects, dense optical

flow images between consecutive frames and depth maps.

9.2 Preprocessing

For the semantic segmentation in KITTI Raw Dataset, an implementation of Mask
R-CNN [He+17] is used, which is a deep learning model which detects and segments objects
in an image. The model used pre-trained weights on the MS COCO dataset, without
further fine-tuning for the specific dataset. The output of the deep network is a binary
mask for each image, which is processed to assign ascending values for each object instance.
For the OMD dataset, a simple color-based HSV segmentation method implemented by us
is used, followed by morphological filtering for refinement.

The dense optical flow is retrieved by the PyTorch version of the PWC-Net model [Sun+18;
Nik18] which is a state-of-the-art deep learning model for optical flow estimation. The
weights of the model were pre-trained on the FlyingChairs dataset and they are not

fine-tuned.
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9.2.1 Error Metrics

To compare our results directly with VDO-SLAM, the error metric provided in their
paper and implementation is used [Zha+21]. For each frame, the error is defined as
E =T71T, where T is the estimated motion transform for either the camera or an object
and T is the corresponding ground truth motion. The translational error E; is the Lo
norm of the translational part of E, while Eg is the angle of rotation in an axis-angle

representation of the rotational component of E.

9.3 KITTI Raw Dataset Results and Discussion

Table 9.1: KITTI Raw Dataset results (E;[m] and Eg[deg]). *FO = Flow Optimization.

Average Length of || DynaSLAM II VDO-SLAM Ours (w. FO¥) Ours (wo. FO*)
Sequence Static Line Tracklets Camera Camera Objects Camera Objects Camera Objects
w. FO*  wo. FO* Ey Egr E; Er Ey Egr Ey Egr Ey Egr Ey Egr Ey Egr
0926-0001 5.1 3.1 - - 0.051 0.056 0.410 0.439 0.050 0.056 0.353 0.423 || 0.051 0.056 0.450 0.426
0926-0002 5.1 3.0 - - 0.061 0.067 0.178 1.528 0.055 0.066 0.490 0.674 || 0.055 0.066 0.425 1.142
0926-0005 6.2 3.0 - - 0.059 0.083 0.378 1.988 0.051 0.071 0.462 1.799 || 0.054 0.071 0.264 1.878
0926-0009 5.6 3.1 1.870 0.573 0.110 0.065 0.217 0.188 0.095 0.066 0.211 0.165 || 0.101 0.060 0.211 0.164
0926-0011 8.0 3.1 - - 0.043 0.057 0.623 1.169 0.034 0.057 0.265 0.325 || 0.037 0.057 0.593 0.816
0926-0013 4.6 3.2 0.930  0.000 0.076  0.059 0.139 0.390 0.074 0.058 1.465 0.355 || 0.079 0.058 1.465 0.369
0926-0014 4.8 3.3 1.350 0.573 0.108 0.070 0.988 2.853 0.110 0.069 0.811 3.060 || 0.110 0.069 0.811 3.229
0926-0051 8.3 3.1 1.140  0.000 0.065 0.058 1.067 1.029 0.061 0.058 0.644 0.415 || 0.072 0.059 0.644 0.416
0926-0091 6.1 3.1 - - 0.069  0.063 - - 0.066 0.062 - - 0.067 0.062 - -
0926-0093 6.7 3.0 - - 2.295 0.085 0.869 1.207 2.284 0.084 0.669 0.391 || 2.285 0.083 0.672 0.393
0926-0101 5.2 3.3 15.020  2.292 0.570 0.072 - - 0.585  0.073 - - 0.647 0.078 - -
0926-0106 6.9 3.0 - - 0.047  0.062 - - 0.039 0.058 - - 0.033  0.057 - -
0929-0004 5.4 3.1 1.410 0.573 0.071  0.058 - - 0.065 0.057 - - 0.062  0.057 - -

The KITTI Raw Dataset consists of many sequences in real outdoor driving environ-
ments with given ground truth camera and object poses. To test our system in a variety
of environments, a set of 13 sequences with different levels of dynamicity and geometric
presence were chosen. The results of our proposed system are presented in Table 9.1. We
compare the effectiveness of our system against VDO-SLAM [Zha+21] and the reported
results of DynaSLAM II [Bes+21], which are both considered state-of-the-art dynamic
SLAM systems.

Regarding the camera’s egomotion, our implementation outperforms the other two
systems in almost all sequences in Fy, while it is on par or better in Fr. DynaSLAM II
seems to achieve a lower rotational error in two sequences, however, it must be noted that
its authors provided these results in radians, resulting in a loss of decimal accuracy when
they are transformed into degrees.

To conduct a more comprehensive analysis, we have incorporated in our table of results
a metric corresponding to the average number of frames static lines are tracked in. Our
system demonstrates the most significant improvement in sequences 0926-(0009, 0011,
0093, 0005, 0106), which have, except 0926-0011, a strong presence of nearby buildings
providing a lot of high-quality line segments for detection. This translates directly to

higher values in the aforementioned metric, underscoring the importance of high-quality
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Figure 9.1: In sequence 0926-0002, a big part of the dynamicity of the scene is due to

bikes, which provide line segments for detection on their wheels, represented by green lines,

leading to a decrease in object tracking accuracy in this specific sequence.

lines that provide consistent tracking. Interestingly, the significantly improved performance
in sequence 0926-0011 is justified, despite the absence of nearby buildings, through the
exhibition of one of the highest metric values (8.0). Conversely, our system underperforms
slightly in sequences 0926-0014 and 0926-0101, which are characterized by open spaces and
lack of buildings. Line features are mostly detected on the road and on tree leaves that are
located far from the camera, thus causing a degradation in the results. This is reflected in
the metric values of these sequences, with their average static line tracklet length (4.8 and
5.2) being significantly below the overall average (6), highlighting the correlation between
low-quality line features and reduced accuracy.

Regarding the tracking accuracy of dynamic objects, the inclusion of lines enhances
the results in the majority of sequences tested, which may be attributed to most dynamic
objects being automobiles that provide a lot of line segments for detection in parts such
as windows and license plates. The only sequences in which our implementation does not
improve are 0926-(0002, 0005, 0013). A detailed qualitative analysis revealed, that in two
of these (0926-0002, 0926-0005), the majority of the dynamic objects detected and tracked
are moving bikes with humans (see Figure 9.1 and Figure 9.2), which do not follow the
underlying rigidity assumption. Therefore, lines inside the bicycle wheels or lines at the

feet of the cyclists contribute to the deterioration of the results in these two cases. However,

it must be highlighted that even in these, the object Er is improved greatly.

Figure 9.2: In many frames of sequence 0926-0005, lines are detected and tracked on a
human on a bicycle, which violate the rigidity assumption, leading to a decrease in object

tracking accuracy.

Finally, to assess the impact of optical flow optimization on system accuracy, we have
conducted an ablation study (see last column of Table 9.1) through modifications in (8.6)
and (8.13), by excluding the optical flow dependence from the error terms. This resulted
in less consistent line segment matches, with a clear decrease in the average length of static

line tracklets and a performance deterioration in both camera E; and object E'r metrics.
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Table 9.2: OMD results (E;[m] and Eg[deg]).

VDO-SLAM Ours

E; Er Ey Er
Full Sequence: Camera 0.038  0.578 0.022 0.507
Full Sequence: Box Mean 0.032  1.286 0.029 1.231
500 frames: Camera 0.017  0.466 0.014 0.453
500 frames: Top Right 0.033  1.369 0.032 1.367
500 frames: Bottom Right 0.030 1.166 0.029 1.164
500 frames: Top Left 0.036  1.494 0.031 1.452
500 frames: Bottom Left 0.027 1.601 0.027 1.605
500 frames: Box Mean 0.032  1.407 0.030 1.397

The fact that sequences 0926-0002 and 0926-0005 perform worse in object pose accuracy
when the flow is concurrently optimized, actually supports the findings of the previous
paragraph, since more line correspondences in nonrigid objects are retained, therefore

magnifying the problem.

9.4 Oxford Multimotion Dataset (OMD) Results and Dis-

cussion

The Oxford Multimotion Dataset consists of frame sequences captured in an indoor
environment with moving toy cars or levitating cubes. This dataset is characterized by a
strong geometric structure, as both the static environment and the moving cubes provide
many quality line segments for detection; an ideal scenario to showcase the effect of lines.
System performance is evaluated exclusively in the swinging box sequence, and specifically
in the unconstrained camera movement case, a challenging realistic scenario. We tested
our system both in the initial 500 frames for comparison with [Zha+21], as well as in the

entirety of frames to evaluate our system’s robustness in a long-running sequence.

As shown in Table 9.2, our system outperforms VDO-SLAM both in egomotion and
four moving boxes’ pose accuracy, which is a natural outcome considering that the test is
run indoors and dynamic objects in the sequence are cubes. Namely, in the full sequence
(and in the first 500 frames), a ~42% (~18%) and ~12% (~2.8%) improvement is achieved
in camera F; and ER, respectively, compared to VDO-SLAM. Furthermore, the inclusion of
lines enhanced the accuracy of the moving boxes’ pose estimation in the full sequence and
had marginal improvements in the first 500 frames, reducing their average F; by ~9.4%
(~6.3%) and Er by ~4.3% (~0.7%).
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9.5 Result Summary

We demonstrated that the inclusion of lines resulted in an enhancement to overall
performance, on both egomotion and dynamic object tracking, in outdoor driving (Table 9.1)
and indoor (Table 9.2) scenarios. Additionally, we introduced the average length of static
line tracklets, which quantifies the quality and robustness of line segments. A thorough
analysis verified a high correlation between this metric and the improvement in accuracy
of our implementation compared to the other state-of-the-art systems. The utilization of
optical flow for line matching provides better and more line correspondences, resulting in
long-lasting and consistent line tracklets, a benefit that was proved to be further amplified

by the concurrent optimization of optical flow in the tracking stage.



Conclusions

10.1 Brief Summary and Conclusions

In the current thesis we have presented a novel SLAM system, which exploits line
features detected on both static and dynamic objects, in order to estimate camera trajectory
and object motions. In the first part of the thesis, we have presented and analyzed core
concepts of the SLAM problem, as well as related work, which has already been carried
out in the field, in order to provide the necessary background for our proposed system
and to identify the limitations of existing methods that motivated the development of our
algorithm. In parallel we have introduced complex mathematical tools, such as Lie groups
and Lie algebras, which are widely utilised in SLAM research and are essential for the
understanding of our proposed system.

In the subsequent chapters, we have presented our approach in depth, analyzing each
component and methodology employed. We demonstrated the rationale behind our choices
and detailed our contributions in novel optimization formulations, that incorporate line
observations to refine camera tracking, dynamic object tracking, and static and dynamic
feature positions in the map. We have presented real-life datasets that pose significant
challenges to SLAM algorithms, enabling us to test our system across various scenarios
and effectively demonstrate its capabilities. Our experimental evaluation revealed that
leveraging the line structure of the environment resulted in an overall increase in the
accuracy and robustness of the SLAM algorithm compared to other state-of-the-art point-
based dynamic systems. Finally, in the Appendix, we delved deeper into the derivations of
the Jacobians for our novel error terms, offering insights into the computational process

for interested readers.

10.2 Future Research

Even though dynamic Simultaneous Localization and Mapping has garnered considerable
attention in SLAM research, numerous challenges remain to be addressed. Several of these

became apparent in the course of this thesis, providing valuable directions for future
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research. Addressing these issues is an essential step for advancing SLAM algorithms and
would significantly enhance applications such as autonomous driving and others, where
robustness and accuracy are critical for their operation. Namely, the following areas present

opportunities for improvement:

e Initialization of Object Poses: Tracking of features on dynamic objects presents
significant challenges, often resulting in an insufficient number of features to reliably
initiliaze their poses. The inclusion of lines has expanded the pool of available
features and could thus enable more accurate pose initialization. However, currently,
only points are included in the Perpective-N-Point (PnP) problem used for pose
initialization. Thus, exploring methods to integrate lines in this initialization phase,

as suggested in [VFM16] could prove beneficial.

e Humans: Human body’s non rigidity poses a significant challenge for the majority
of existing dynamic SLAM approaches, which often fail to track the independent
movements of human body parts. In future work, we aim to address the presence of
humans who contribute significantly to nonrigidity within dynamic environments,
by extending our implementation to better handle independent movements of linear

skeleton parts of the human body.

e Time Complexity: Incorporating machine learning techniques, particularly deep
learning networks, into SLAM systems offers numerous advantages but also contibutes
to increased time complexity. A promising direction for future research would be
to explore strategies to reduce the time complexity, introduced by these networks.
One approach could involve leveraging existing optical flow to predict semantic
segmentation masks in conjuction with the reprojection of estimated object poses,

thereby potentially eliminating the need to detect these masks in every frame.
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The iterative algorithms discussed in 7.2 necessitate computing the Jacobians of partic-
ipating error terms to determine the parameters of the optimization problem. Although
frameworks like g20 [Kiim+11] can compute these Jacobians numerically when not explicitly
defined, this approach is both computational intensive and significantly time consuming,
thus rendering it unsuitable for real-time applications, such as SLAM. Therefore, in this
section, we provide the analytical derivation of the Jacobians of the error terms employed
in SDPL-SLAM algorithm. The MATLAB package for symbolic calculations was utilized

for complex operations.

11.1 Jacobian of 3D Line Measurement Errors

The error term of 3D Line Measurement is defined in section 8.2.5 as following:

19 AG7" x O] — NG|

0 7y —

(11.1)

The Jacobian of Eq. (11.1) with respect to orthonormal line parameters 19{% of Li is derived
as: | | | |

Oejn("Xk, £3) _ e ("Xy, L) 0Ly 0L,

90 9%y, oci 00y

(11.2)

The first factor is computed straightforwardly using a symbolic math tool, by differentiating
the error term (11.1) with respect to the orthonormal line parameters. By defining
[A; Ay A = %A, B, By B.] = “B*™, [N, N, N;] = “Nj and [U, U, U] =
C’“ﬁi, (11.1) can be rewritten as:

AU, + AU, — N,
AU, — AU, — N,
~ AU, + AU, — N,
~B,U, + B,U, — N,
B.U, — B,U. — N,
~B,U, + B,U, — N,

ejn(*Xp, £]) = (11.3)

Thus, the calculation of this factor simplifies to differentiating (11.3) with respect to the
Pliicker line parameters of C’“L’i:
0e; ("X, £7) 0e; ("X, £7)

Tk 11.4
90l d(N,,N,,N,,U,,U,, U,) (11.4)

The second factor in (11.2) is equal to the transform that converts the Pliicker line from

the local coordinate system of frame k to the global reference frame:

%Ll  99TyLl
oL], oLy,

¥Th (11.5)



11.1 Jacobian of 3D Line Measurement Errors 93

The third factor expresses the Jacobian of the Pliicker line in the global coordinate system

with respect to the orthonormal line parameters as detailed in [Zuo+17]:

, < KN}
.7 | e, e "
e Hlesl]

To simplify the computation of the Jacobian of the error term with respect to the pose
parameters 2y, we divide its derivation in two parts, firstly by considering the translational
part 6, and secondly the rotational part d, as in [Zuo+17].

Initially, the Jacobian with respect to the translational part is calculated, with the
rotational change 4 set to zero. The new transform which contains the translation update

is denoted as:

CkTg =exp(d,) CrTy ~ o 1

I
5"] Ty (11.7)

It can be deduced that the rotational part of the transform, R*, remains the same, while
the translational part is updated as t* = §, + Crtg. The Pliicker line transform is retrieved
through Eq (8.5):

C"'Ro [5p + tho]x CkRo

Ck *
o=y Cr Ry

(11.8)

The updated Pliicker line in frame k may then be retrieved by transforming the equivalent

line expressed in the global reference frame:

Ck RoNY + (8, + Pto]« * RoUJ,

Cppi _C Jj
kﬁ kTO Lk B CkRonJi

(11.9)

In this form (Equation (11.9)), the Jacobian of the Pliicker line in the coordinate frame Cj,

with respect to d, can be computed as:

9 Ck.[’i,* {aaercktglsx %k RyUY, —[C’“Rofji]x
- o = (11.10)
04, 0 0
In the last equation the property:
d(axb
D)~ ), (11.11)

is leveraged. ,
9CL rJ
The same procedure is employed to compute the Jacobian 9 8§fk’ incorporating only

the rotational update (translational part , = 0 ) to the transform C’“Té“ through the

exponential map:

[6¢>] x 0

Ok = exp(d,) T ~ (I + X ) C¥Ty (11.12)

In this case both the rotation part and the translation part of the transform are modified:

CkRy = (I + [04]x) ¥Ry and  Ftd = (I + [04]x) o (11.13)
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The line transform is then calculated as:

(I +[86]x) “Ro [(I + [84]x) “tolx (I + [d4]x) “* Ro

CkTék — o
0 (I + [5¢]><) k Ro

(11.14)

The top-right block in Equation (11.14) may be simplified by leveraging the property of
rotation matrices (Ra) x (Rb) = R-(a xb),R € SO(3):

(T + [84]x) “tolx (I + [8g]x) “Ro = ((I+ [86]x) “to) x (I + [84]x) “*Ro)

= (I + [86]x) (“to x “*Ro)
= (14 [84]x) [“to]x “*Ro

The updated Pliicker line in coordinate frame CY}, is therefore as follows:

(I + [34)x) C*RoUY, + (I + [3)x) [“*to]x “*Ro U7,

Ck[’j,* _ CkT*,Cj — 2
’ v (I +[05] %) “* Ro Uy

(11.15)

Thus, the derivative of the Pliicker line in frame k with respect to the rotational part of

the pose parameters, dy, is:

[O(1+]04]x ) CkRoNY,  9(1+[84]x )[Ckto]x Tk RoUY

oLy 8, + a3,
26y O(I+[84]x ) “k RoU3,
L 94,
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- 8[5¢}>< Ck Roﬁi
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_ [P BNl — [l P Ro U
I —[“*Ro U7«

Cp pi*
As a result, the full Jacobian %, incorporating both the translational and rotational

changes is:

0Ly [-OROY RN~ [l CROIL] e
0=, O3x3 _[CkROUi]X

The Jacobian of the error term with respect to the pose parameters Ej is calculated

leveraging the chain rule as:

00 ("Xi, £3) _ Oej("Xy, £f) 0%k Ly”
8Ek o C’kﬁi,* 8Ek

(11.17)

11.2 Jacobian of Motion of Lines Errors

The error term of Motion of Lines is defined in section 8.2.5 as follows:
e dist (£, £
ejan(LisptHE, L _y) = | 0p0p% (11.18)
G711 110771
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The Jacobian with respect to the orthonormal line parameters, 19{;, is derived as:

0ejak(Ly, , YHEL],_)) _ dejan(Lh, n VHE LI ) _ oL

: : (11.19)
09, oL, 0y,
The first factor of this chain rule is computed as follows:

adist(£],5")

o . —kk
8ejadak(£?€’ k—ng’ E?cfl) _ gf}%j,H (11 20)

j ol 1———Fk k=1 .
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This Jacobian consists of two distinct blocks:

e The first block—of size 1 x 6—is the derivative of the distance between two Pliicker
lines with respect to the orthonormal line parameters of Ei. ‘dist’ is a piecewise
function that represents distance between two lines:

I G gl N H .

al ng;%%j“' it O x U7 0

[0} x (NN ) /)

ISATR

dist (L], L7 = (11.21)

if ﬁii = sﬁi for some s # 0

Due to the piecewise nature of the function, the derivatives are calculated separately
for each case. In the first case, if the content of the norm is positive, the derivative

with respect to an element N; of vector Ni is:

adist(L, £M)

o (11.22)
1
INL UL +OL NI = e H Gi o H |t e H | OO OR |
_ B — 07, x U2yl = (Ng, - U2y + Uy - Ny ) - N
= T
[y, < UpE |12
(11.23)
Ry
N OO N s
= : o .
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On the other hand, if the value inside the norm is negative, then the derivative is the
opposite of (11.24).
Similarly, if the content of the norm is positive, the derivative with respect to an
element U; of vector INJ'?C is:
adist(£2, £27)
oU;
8(Nj-f]j’fl _,'_(jj.N]',fI) . i H < i H =i i H
o U X U - (N - U + U - NG -

105, x U4

B
a|1Uy, x U7 ||
oU;

while it is the opposite if its contents are negative.

The computation of the derivative of the second case, involves the expansion of the
cross product and the norm, and differentiation performed with the assistance of

symbolic math tools.
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e The second block—of size 1 x 6—corresponds to the derivative of an angle error with

respect to the orthonormal line parameters L’i. The angle error is calculated as:
ul. ﬁj7H
- —F (11.25)
1O TO ]

Making use of the chain rule, the derivative of the angle error with respect to the

o LUt
AT
: (11.26)

orthonormal line parameters of .Ci is calculated as:

oy S
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- 671 0271
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where by defining the vector elements of ﬁfﬁ and ﬁii as [Urz Uky Uk = fjfg and
[kal,x kal,y kal,z] = ﬂi’ia (1)7 (2)7 (3) equal:
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0 A - (11.28)
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j
The intermediate Jacobian g%:, which participates in (11.19) is detailed in Equation (11.6).
The Jacobian with respect to the orthonormal line parameters [,i;f[l is computed via
the chain rule as follows:
0e;a k(Lo Y Ly y) _ Oejan(Lhy p VHE L4y) 0Ly 0L,

: o : (11.31)
09, oci? ocl_, 99k

€. k(Lo PHE LR y)
oLy
and is therefore omitted. The third factor is detailed in (11.6) of the previous section. The

. . . . 2]
The derivation of the first factor resembles closely the derivation of

second factor is equal to the transform ,_{H:
5 H Orrd pi
0Ly~ 0y HEL
o J
oLy, oL,

Finally, the Jacobian of the error term with respect to the object motion parameters j_1 =

=, Y (11.32)

is calculated as follows:
0e;.a k(L -1 H Ly 1) _ 0€jak(Lio p 1 HY L3 y) 0L,

Op—18k oLyt 018k

(11.33)

The computation of these factors has been thoroughly delineated in previous parts of the

Appendix.
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