Kypc « ThéxmepHoe KoMrnbromepHoe 3peHue»

Tema Ne4B
«SLAM»

AHTOH KOHYLUWH



Simultaneous Localization and Mapping (SLAM)

KombuHauma OgomeTtpun (OUEHKM TPaekTopun ABUXEHNS KaMepsbl),
KapTorpadurposarHns (MOCTPOEHUS KapTbl CUEHLI), Jlokannsaunm (OueHKN NOoSTIoXKEHUS
no kapte), 3akpbitna unknos / Loop Closure

KapTa Kakon-To KBapTupbl KapTta u
TPaeKTopus

Ecnun no gaHHbIM Kamepebl, Torga rosopaTt Visual SLAM. Ho MoryT ncnosib3oBaTbCs U
opyrue ceHcopsol (IMU, 2D Lidar, 3D Lidar, n 1.4.)



StM vs. SLAM

[ ! -—?I

SftM
Input is unordered set of images

Focus is on precision, with aim to
produce a good 3D model

Offline, one-time process

Published mainly in vision conferences
3 papers with more than 1000 citations
Complicated

SLAM
Input is stream of images, stereo, or
depth and sometimes IMU
Focus is on speed and robustness,
with aim to localize camera or robot
Online process, possibly with
relocalization
Published mainly in robotics
conferences
8 papers with more than 1000 citations

Very complicated



Semantic SLAM

« Semantic SLAM mnnu Total Scene Understanding

« OpaHoBpeMeHHOE pacno3HaBaHue cueHbl U SLAM, 4To gaeT NosiHbI OTBET HA BOMNPOC
«YTO rge pacronoXXeHo» Nnpo BCH CLEHY

Semantic segmentation Example of semantic SLAM Volumetric semantic map

Source: https://arxiv.org/pdf/1801.07380.pdf
Source: https://natanaso.github.io



OueHka KayecTBa

«Kapta» obbl4HO nNpeacTaBreHa B BUAe Habopa KnoyeBbiX KagpoB C No3amMun U
obnakom Tovek. HENOHATHO, Kak oueHMBaTb TOYHOCTU Taknx KapT. [oaTtomy
kadyecTBO SLAM 0DbIYHO OLLEHMBAIOT NO TPAEKTOPUAM
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Sparse point cloud from Dense point cloud from RGBD
monocular RGB images video



CemMaHTn4yeckmne KapTbl

« Ecnu kapTbl cTpoATCA, TO 06bIMHO OHU CTPOATCS B Buae 2L nsobpaxeHumn.
« [1ns oueHKn TOYHOCTN TpebyeTca aTanoHHaAa pa3MeTka 3TUX KapT
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Vector map with
labels

Occupancy grid map with
semantic labels




Knaccnyeckum SLAM



Knaccuyeckun Visual SLAM

« Knaccunyeckumm MOXHO Ha3BaTb METObI, ornpawvinecd Ha To4eHHble COOTBETCTBUA MEXAY
|/|3o6pa>|<eH|/|s'-|M|/|, MHOroBmnaoByro reomeTpuo n yTodyHeHune FpaD,I/IeHTHOI7I onTUMMU3aLnNeEN

« @okKyc Ha nocnegoBaTesibHY0 006paboTKy KaapoB 1 paboTy B pearibHOM BPEMEHMU

e -@
3D-Model*, /.

=g l,/--"

conesponding CAL

fealure points
L=

TOYKKM 1 NX COMOCTaBNeHNE JloKanu3auma KaMmepsbl 1 CTPYKTYpa n3
ABUXKEHUS




ORBSLAM

TRACKING

Initial Pose Estimation -

Frame |-ol] 2272t b “from last frame or || , omﬁap Now KeyFrame » [lepBaga paboTa uMkna oTKpbITbIX peanusaunemn

Relocalisation SLAM-meTOo 0B
' |
Map ,niza“za“on MAP 7 KeyFrame « https://github.com/raulmur/ORB_SLAM
PLACE \ Key:me E OnupaeTtcs Ha bbicTpbin aetektop ORB
SEEll L Wnsertion 2 « Kaprta cueHbl onucbiBaeTcd HabopoM KITHoUYeBbIX
s
M:;;:p;ts 2 KagpoB 1 Habopom 34 Toyek, Habnogaemblx Ha
R I
= e Culling || B 3TUX Kagpax
Recognition rap : > ) ]
Database Spenning owPolel § 3 HUTU ncnonHenus (Tracking, Local Mapping,
reatuon .
e Loop Closing), paboTatowme napannesibHoO
Local BA .
Loop Correction Loop Detection ‘: - « Tracking — oTcnexmnsaHue ToYeK U OLEHKa Mo3bl
S oc o
gpt'm'_zel Loop Compute || Candidates KeyFrames KaMepbl B JTOKAJIbHOWM KapTe
?,:;th‘a Fusion Sim3 Detection | % Culling .
—— * Local Mapping — nobaBneHne HOBOIro
LOOP CLOSING KI1H04eBOro Kagpa B KapTy U nNocneacTems 3Toro
Fig. 1. ORB-SLAM system overview, showing all the steps performed by the  ® LOOp Closure — ornpegeneHne LnKnoB n

tracking, local mapping, and loop closing threads. The main components of the

TOYHEeHNEe KapTbl N T KTOPUAN N3- TOIN
place recognition module and the map are also shown. yToHHEHWE kap pPaeKkTop 3-3a 3TOTO

R.Mur-Artal, J.M.M.Montiel, J.D. Tardos. ORB-SLAM: A Versatile and Accurate Monocular SLAM System. IEEE Transactions on robotics, 2015



https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=7219438
https://github.com/raulmur/ORB_SLAM

ORB (Oriented FAST and Rotated BRIEF)

«BeplwunHa» Heoby4aembix annpokcumauumn SIFT

Npea FAST Npea BRIEF

* Bbibupaem 16 nukcenoB Ha AUCKPETHOW OKPY>XHOCTU « Bbibupaem N cniyvanHbix nap nvkcenos (a;, b;) B
(anroputm bpeseHxenma) BOKpYr TOUKK P OKPECTHOCTU

* Yrnom 6yget cumtatbcs Touka, ecnun 12 « Kaxpgown nape conoctasnsem 1 (ecnv apkocTtsb 1(a)>
nocrnegoBaTernbHbIX NUKCEeSoB NMbo ceeTriee p I(b;)) n 0, ecnn HaobopoT
bonble, Yem Ha nopor t, TMbo TeMHee * [lonyyaem 6uHapHbIn Kog desc(p), n MOXeM

CpaBHUTb MO PaCCTOAHUIO XoMMUHra ¢ Aapyrmumm

https://medium.com/data-breach/introduction-to-orb-oriented-fast-and-rotated-brief-4220e8ec40cf



https://medium.com/data-breach/introduction-to-orb-oriented-fast-and-rotated-brief-4220e8ec40cf

ORBSLAM - Tracking

TRACKING

- S Ha HoBom kKagpe HaxoaatTcss ORB To4vku
Extract lmft:glmPl:ss: 5::":?:()" Track New KeyFrame AP a
Frame |5y ORB Relocalisation LocalMap ||  Decision OHK conocTaBnATCA ¢ NpeabiayLnmM Kagpom,
' MAP 1 N OLeHUBAETCH Mno3a Kamepsbl.
Map Initialization KeyFrame
g 4 - Ecnu c npegblaywim Kagpom He yoaeTcs
i ~ o
RECOGNITION 'f:;f,':{,':f 2 COMNOCTaBUTCH, Toraa penokanmaauus
| ‘ Recent | 2 [Nockonbky ORB HeHaaeXHbIN, TO ToYeK
Covisibility M‘é‘:,',’,?,{';‘s > cornocTasngdeTcs Mano, No3ToOMYy OTAESbHbIN
Recognition Graph — g atan Track Local Map
Database Spanning New Points || &
Tree Creation C npeoblayLlmx KroYeBbiX Kagpos Buanmsie 3/
N— S Local BA TOYKWM CLUEHbI NPOELNPYIOTCH Ha TEKYLWMW Kaap,
= P JonNLTPYKOTCS NO 3BPUCTUKAM, U 3aTEM
RIRNES Loop Compute || Candidates KeyFrames
Essential || Cgion s B Secation Culling maTyaTcs ¢ HecMmatyeHHbIMn ORB ToYkamu
i

LOOP CLOSING

[To nTory nosa yTouHSET, U NPUHUMAETCA
pelleHne, 0obaBnsaATb UNU HET HOBbLIN KITKOYEBOW

Fig. 1. ORB-SLAM system overview, showing all the steps performed by the
tracking, local mapping, and loop closing threads. The main components of the
place recognition module and the map are also shown.

Kagp B KapTy

R.Mur-Artal, J.M.M.Montiel, J.D. Tardos. ORB-SLAM: A Versatile and Accurate Monocular SLAM System. IEEE Transactions on robotics, 2015



https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=7219438

ORBSLAM - Mapping

(a) KeyFrames (blue), Current Cam-
era (green), MapPoints (black, red),
Current Local MapPoints (red)

(c) Spanning Tree (green) and Loop
Closure (red)

(b) Covisibility Graph

(d) Essential Graph

[MonHasa kapTa cueHbl — Co-visibility Graph
* Yy3Jibl 3TO KIMKOYEBbLIE Kapbl
* pebpa cBA3bIBAOT Kaapbl, KOTOpble BUAAT >= 15
OAHUX N TEeX XKe TOYEeK
Essential Graph — ynpowéHHasa kapta CueHbl C

NnpopexXeHHbIMN CBA3AMU, MNHMallbHOE
OCTaBHO€E epeBo

EG ncnonb3yeTtcs, Korga HY>KHO YTOYHUTb BCHO
KapTy Npu 3aKpbITUM LIMKITOB

KntoyeBble Kaapbl BbIOMpaOTCS YacTo,
NPeaycMoTPeH MexaHM3M OTOPaKOBKM NULLIHUX
KNKYEBbLIX KaapoB

[TonCK MOXOXnX I/I306pa)KeHI/IIZ Nno TeM Xe
KINKOYeBbIM TOYKaM UCNOJNb3yETCA OJ1A4 AEeTEKLUN
LIMKITIOB U pe-InoKasrim3daunmn

» https://github.com/dorian3d/DBoW?2



https://github.com/dorian3d/DBoW2

ORBSLAM - Loop Closure

3aKpbITME LMKAA MPUBOAUT K KCKAYKAM» KaMepbl M MepPeCcYETy KapThbl

[locne 3aKpbITUSA LKA J10 3aKpbITUSA LMKNA



[1BMsKeHme 6b1210 B 04HOM U
JIpYrOM HanpaBJ/IEHNN, MO3TOMY
KAPTUHKW He BbI/TN MOXOXKUMMU,
LMK He 6bl1 0OHapYysKeH, n
3aKpbITUE LMKSA HE MPON30LWJSIO0




CkopocTu paboThl

TABLE I
TRACKING AND MAPPING TIMES IN NEWCOLLEGE

Thread Operation Median (ms) Mean (ms) Std (ms)

TRACKING ORB extraction 11.10 11.42 1.61
Initial Pose Est. 3.38 3.45 0.99
Track Local Map 14.84 16.01 9.98
Total 30.57 31.60 10.39

LOCAL MAPPING  KeyFrame Insertion 10.29 11.88 5.03
Map Point Culling 0.10 3.18 6.70
Map Point Creation 66.79 72.96 31.48
Local BA 296.08 360.41 1:71.11
KeyFrame Culling 8.07 15.79 18.98

Total 383.59 464.27 217.89




CkopocTu paboThl

TABLE 11
L.ooP CLOSING TIMES IN NEWCOLLEGE

Loop Detection (ms) Loop Correction (s)

Loop  KeyFrames  Essential Graph Edges  Candidates Detection  Similarity Transformation =~ Fusion  Essential Graph Optimization  Total (s)

1 287 1347 4.71 20.77 0.20 0.26 0.51
2 1082 5950 4.14 17.98 0.39 1.06 1.52
3 1279 7128 0.82 31.29 0.95 1.26 2.27
-+ 2648 12547 12.37 30.36 0.97 2.30 333
5 3150 16033 14.71 41.28 1.73 2.80 4.60
6 4496 21797 13:52 48.68 0.97 3.62 4.69




ORBSLAM2

Pa3sutne ORBSLAM c gobaBneHnem yTouHeHUs1 Bcen KapThbl (rrnobanbHoro BA) n paboton co
cTepeo-gaHHbiMn n RGB-D

TRACKING
Stereo/RGB-D Pre-process 7;2:;?3:3:;‘ Track New KeyFrame
TRACKING Frame ™7 Input or Relocalization Local Map Decision
Extract lri:;lml’:;: Estim:t'ion Track \ —
Frame [+ ORB I R.w'm"'m'."n Local Map KeyFrame
: - PLACE v —
Map Initialization RECOGNITION MAP KeyFrame || ©
i — Insertion
PLACE 5 Visual . =
RECOGNITION ) | Novronts Recent ;
r - = i MapPoints || >
; Recognition - | Covisibility Spanning Culling %
% Database Graph Tree — S
g New Points || &
o Creation
Loop Correction Loop Detection Local BA
Loop Correction Loop Detection : = : i pe— |
' - Optimize : Local
Optimize || | o, [l compute || Candidates Undate. § ‘Full | Essential || -OOP | 1| Compute | Query [ L KeyFrames
E'G‘r‘.';‘,"‘" Fusion [f| sim3 || Detection wop, J oA ||_Graph Fusion iy 563 g Damvese | gu"iﬂg
LOOP CLOSING FULL BA LOOP CLOSING

Raul Mur-Artal and Juan D. Tardos. ORB-SLAM?2: an Open-Source SLAM System for Monocular, Stereo and RGB-D Cameras. |IEEE
Transactions on Robotics, vol. 33, no. 5, pp. 1255-1262, 2017.



https://github.com/raulmur/ORB_SLAM2

ORBSLAM2

Rectified Stereo
Stereo « Ha cTepeonape Mbl COMocTaBndeM TOYKN MeXay
B | Extract)| | Stereo IKEyROINtS paKypcamu, TpuaHrynmpyem, u cpasy nonydaem 3/
Image | : ORB Matching M
i KOOPAUHATHI
Right | . [ Extract | Keyponts
| Img\ge o s  Bblgensgem «bnuskme» n «ganbHUE» TOYKW.
s : o [1na 6nunskux gocTtaTouYHbIN Napansakc no3BonigeT
5?-9-'53??9--868'[) Stereo TOYHO OLEHUTb rMybuHy 1 ncnonb3oBaTb And
. [ Extract Generate Keypoints
F | ORB Coordinat Mono
il T'“a e Keypoints | ° Ha@nbH1E TOUKM OLleHNBaeM TOJbKO NPpUMEpPHO,
D;g‘;" MOXEM UCMofb30BaTh AN OLLeHKN MOBOPOTOB

................................

Raul Mur-Artal and Juan D. Tardos. ORB-SLAM2: an Open-Source SLAM System for Monocular, Stereo and RGB-D Cameras. IEEE
Transactions on Robotics, vol. 33, no. 5, pp. 1255-1262, 2017.



BrnnaHue ctepeo
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Fig. 5. Estimated trajectory (black) and ground-truth (red) in KITTI 08. Left:
monocular ORB-SLAM [1], right: ORB-SLAM?2 (stereo). Monocular ORB-
SLAM suffers from severe scale drift in this sequence, especially at the turns.
In contrast the proposed stereo version is able to estimate the true scale of
the trajectory and map without scale drift.




ORBSLAMS3

TRACKING

Frame E)glr:[’;t Initial Pose Estimation
from last frame, Track New KeyFrame
TRACKING MU Relocalization or Local Map Decision
a—_— IMU : : Map creation
ntegration
Stereo/RGB-D Pre-process '(’;ﬁi:;eaﬁz;' Track New KeyFrame megre
Frame ™| Input or Relocalization || L9¢8l Map DBecilon: [l @000 8l e e e
, , : ATLAS : KeyFrame
' DBoW2 Active Map ' l
PLACE '  KEYFRAME 4 Al b :
g [ { MapPoints } 1
RECOGNITION MAP o) \ KeyFrame
‘ ' l:eyFra_me o i DATABASE MapPoints -.-7--;_ = 11 Insertion
i = nsertion || 3 i o )
{ KeyFrame Ricait ; i @ ! Recent
B MapPoints || > ' @ ! MapPoints || ©
Recognition | Covisibility Spanning Culling % : Covisbility : Culling g
‘ Graph Tr —————— | - T
Database rap ee e biiie] £ ' Database Covisibility Graph ] 1 New Points | | =
: ® ! Graph Spannin | Creation =
Creation —— P 9 >
: Spanning Tree I ' 3
Loop Correction Loop Detection || LocalBA | Tree . : Local BA z
4 I
- v [T a8 B B T ot i i T Bl oLl e B U 2 (]
Optimize Local IMU
Update || Full : Loo Compute ue ;
'u)iap BA E’ésr:"pg" Fusi:n sgs na?tah:.yse " Kegslmes _L.‘.’.‘?.‘.’..(.:.‘?.’.'.‘?F.F.‘.‘?.’? .................... Place recognition ... : llnitialization
— . l ] : Optimize : Local
Ma Full : :
FULL BA LOOP CLOSING Updapte BuA : Essential Fb‘;?:n ; KeyFrames
FULL B A Grap h - Compute | | Database ||: Culling
v S — i ¢l sim3/se3 || Query [l | Fmo seale |
: || Optimize . Merae ‘ cale
: |Essentiat [[Velding Mags : Refinement
Graph BA P
'M‘é'b"h./ié.r'giiﬁij ..................... LOOP&MAPMERGING

https://github.com/UZ-SLAMLab/ORB SLAM3



https://github.com/UZ-SLAMLab/ORB_SLAM3

ORBSLAMS3

TRACKING

Extract || nitial Pose Estimation
ORB from last frame, Track New KeyFrame
MU Relocalization or Local Map Decision

Frame

IMU integration Map creation
 AkcenepomeTpsbl (IMU) ecTb BO MHOIMX
e ATLAS ' [keyFrame ycTpouncTBax (TenedgoHax, kamepax)
' Active M '
' 3:3:&»45 ive Map : ¥ ' IMU nos3BongeT yny4ylinTb TPEKUHI Kamepbl Npu
. . KeyF .
 DETABASE [ inserton motion blur, manom uncne ORB, 1 B Lefiom
; [ ||y MOBBICUTB TOYHOCTB
. | [ ——=_ |2 Atlas — kapTa, COCTOsILIAs 13 MHOTUX
i ovisibility [ ew Points
| Graph Spanning b I Geason > oTaenbHbIX KapT. OgHa N3 HUX «aKTUBHAaY,
! S i ree | v
: “Tree u—]‘ | * || wcara |2 MCMONb3yeTCS ANS TEKYLLEro TPEKMHTa.
__________________________ =
Loop Comection, . ... Place recognition ... 5 ‘lnitiaul\?zlistion '~ Ecnun obHapyxviBaem «CBA3b» Mexay kapTamu
Map W[ ran L_:|[ Oetimize [ o Local B aTnace, Toraa Mmbl UX o6beguHAeM
Uodate il BA ~®  Essential i si:n Soiames
2 Graph ’ Compute | | Database ||: Culling
FULL BA u uouputclur-,;aluzc;- :::::::::::::::::::::::::: S|m3/SE3 Query IMU Scale
: |[Essential |[Welding h:derge : Refinement
Graph BA o

Map Merging LOOP & MAP MERGING



ORBSLAMS3

Table II: Performance comparison in the EuRoC dataset (RMS ATE in m., scale error in %). Except where noted, we show

results reported by the authors of each system, for all the frames in the trajectory, comparing with the processed GT.

| I [ MHOI MHO02 MHO3  MHOY MHOS | Vi0i  VI02 Viod | Vaoi Va2 V03 | Avg!
ORB!'f:'AM ATE?3 0071 0067 0071 0082 0060 | 0015 0020 - 0.021 0.018 - | 0047
?,s.ﬁ ATE 0046 0046 0172 3810 0110 | 0089 0107 0903 | 0044 0132 1152 | 0.601
Mosocuilar ?Xf]’ ATE 0.100 0120 0410 0430 0300 | 0070 0210 - 0110 0.110 1.080 | 0.294%
[{fﬁ’ ATE 0039 0036 0055 0057 0067 | 0095 0059 0076 | 0056 0057 0784 | 0.126
Glm(;usmp)um ATE 0.016 0027 0028 0138 0072 | 0033 0015 0033 | 0023 0029 - | 0.041%
| bl
R [S;[“M' ATE 0035 0018 0028 0119 0060 | 0035 0020 0048 | 0037 0035 0.044*
msl;f;‘“‘"’ ATE 0540 0460 0330 0780 0500 | 0S50 0230 - 0230 0200 - 0.424*
Stereo VO
W ATE 0040 0070 0270 0470 0120 | 0040 0040 0070 | 0050 0090 079 | 0.159
om?;i:_s?m ATE 0029 0019 0024 008 0052 | 0035 0025 0061 | 0041 0028 0521 | 0084
MCSKE : = =
S ATE 0420 0450 0230 0370 0480 | 0340 0200 0670 | 0100 0.160 1130 | 0414
0;;;"18 ATE® 0.160 0220 0240 0340 0470 | 009 0200 0240 | 0130 0.160 029 | 0231
o ATE® 0210 0250 0250 049 0520 | 0100 0100 0.140 | 0120 0.140 0140 | 0.224
Monocular | ORBSLAMVI  ATES® 0075 0084 0087 0217 0082 | 003 0038 - 0032 0041 0074 | 0.075°
Inertial (4] scale error® 3 0.5 0.8 1.5 35 0.5 0.9 0.8 . 0.2 14 07 L1*
V'N‘m’“m ATE? 0084 0105 0074 0122 0147 | 0047 0066 0180 | 0056 009 0244 | 0.110
VIDSO ATE 0062 O 0T O O 0059 0067 0096 | 0040 0.063 0178 | 0089 ]
146] scale efror 1 05 04 02 08 11 i1 08 12 03 04 0.7
—ORB-SLAM3 ATE 0062 0037 0046 0075 0057 | 003 0015 0037 | 0042 0021 0.027 | 0.043
(ours) scale error 14 03 0.8 05 0.3 20 0.6 22 0.7 04 1.0 09
S.Foss
VL\?J;‘""“ ATE 0166 0152 0125 0280 0284 | 0076 0069 0114 | 0066 0.091 009 | 0.138
BASALT ATE® 0080 0060 0050 0100 0080 | 0040 0020 0030 | 0030 0020 0.051*
Stereo [47]
Inertial K’[";‘l""" ATE 0.080 0090 0110 0450 0240 | 0050 0.010 0120 | 0070 0100 019 | 0.119
—ORB-SLAMI ATE 003 0033 0035 0051 0083 | 0038 0014 0024 | 0032 0014 0034 | 0,035
(ours) séale erroe 06 02 06 02 09 08 06 08 1 02 02 0.6




Heunpoceteson SLAM



Deep Visual Odometry

HenpoceTteBbie MeToabl Ha4Yanu
NpoHMKaThb B 3agavyy SLAM
NOCTENEHHO, paccMmaTpuBas
OoTAeNbHbIE NoA3aaa4vn

[Mpnmep - Visual Odometry

3agava — OUEeHUTb OABWXXEHUE KamMepbl
MeXay napoun Kagpos

BcnomorartenbHbie 3agayn, Takme Kak
OLlEHKa OMTMYECKOro NoToKa, OLIEHKa
KapTbl rMyOMHbBI 1 T.4. NCMONb3YOTCH
Kak BCMoMoraTernbHble, YTOObI
HEMpoCceTb Nnosny4yana gocTaTouHO
NHopMmaLmMn ans odyyeHus

Ummenhofer et. al. DeMoN: Depth and Motion Network for Learning Monocular Stereo. ICCV2017



DeMoN: Depth & Motion Network

Npes: yepegyem OUEHKY OMTUYECKOro NOTOKAa U KapTbl rMyOuHbI A4nst Toro, YTobbl 3acTaBUTL CETb
yunTbiBaTb 00a Kagpa

3x
Y 1 =
i —{ slinnl] —— sl Heeal] —— || I
Image pair , , . depth  egomotion
bootstrap net iterative net  refinement net
Image pair | encoder decoder Image pair encoder decoder

—_ depth + normals

flow from depth & motion
+ warped 2nd image

: Ll L‘ | depth
|+ normals
; } ]s

3 depth scale: s |
! | motion: r, t

—_— motion: n, t

optical flow
Vi i + conﬁdence
‘ |depth from llow & motion
+ warped 2nd image
fully connected

Ummenhofer et. al. DeMoN: Depth and Motion Network for Learning Monocular Stereo. ICCV2017



Deep mapping

[‘eHepauns ceMaHTMYeCKOW KapThl Hanpsimyto n3 2D n3obpa)keHnn

H

Variational
Encoder-Decoder Network

Input: Out of FOV Output:
Monocular Sidewalk Semantic-metric
RGB Image e Non free-space Occupancy Grid Map

Source: arXiv:1804.02176v2



Deep Tracking and Mapping (DeepTAM)

OueHKa no3bl Ha OCHOBE KITHOYEBLIX KagpoB M nNocTpoeHne KapTobl. bes loop closure
n relocalization

Depth maps

Tracking Mapping
Camera poses ST
Tl\'(..‘
OueHnBaeM nNo3y Kamepbl
Cxema OTHOCUTENbHO NpeACKa3aHHoro

BUPTYaJZIbHOIo Kajpd

H. Zhou et al., DeepTAM: Deep Tracking and Mapping. ECCV 2018



Moaynb TpeKnHra

* OueHnBaem nosy n onTUYECKNN NOTOK
* [eHepupyem Habop rmnoTes u 3atem yCcpeaHsIeM X

pose hypotheses generation
Vi

inputs }

0& :
|§22 Z::_\l:] 6{! p— 6€

N

Is{ N l

pose update 4T

key frame virtual key frame

fully connected

optical flow prediction
(only during training)

pose TV

.

< .

current image E
.

H. Zhou et al., DeepTAM: Deep Tracking and Mapping. ECCV 2018



Moaynb KapTorpadupoBaHus

* Mapping = high-quality depth estimation for keyframe

Keyframe

B\ = =
N

Iteratively

Fixed band module Narrow band module

H. Zhou et al., DeepTAM: Deep Tracking and Mapping. ECCV 2018



[Tpnmep paboThl

H. Zhou et al., DeepTAM: Deep Tracking and Mapping. ECCV 2018



Recurrent All-Pairs Field Transforms (RAFT)

MeToa OLEeHKM ONTUYECKOro NOTOKa Ha OCHOBE PEKYPPEHTHOIO MOOyn4A

Optical Flow

Zachary Teed, Jia Deng RAFT: Recurrent All-Pairs Field Transforms for Optical Flow. ECCV 2020
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DROID-SLAM

" DROID-SLAM )

X /
v v
Apose I Adepth I

* [lonHag cxema SLAM, BgoxHoBneHHaa naesmm RAFT

« Bbynem cTpouTb rpad cueHbl N3 Habopa KI4YEBbIX KAAPOB, AN KaXa0ro
oLeHMBas No3y U KapTy rMyOuHbI.

 HewnpoceTteBon moaynb NPUMEHSAETCS K pedbpam rpadpa, yToUHSASA nosy u
KapTy rnybuHbl Kagpa

Bag N
Monocular, Stereo or RGB-D Video

https://github.com/princeton-vl/DROID-SLAM
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DROID-SLAM &

« Cwucrema coctouTt U3 aByx notokos — Frontend n Backend

* Frontend paboTtaeT ¢ NOTOKOM Kagpos.

* ,D,J'IFI HOBOIO Kajpa CHNTAKOT NPU3HaKn, CBA3bIBAKOT C 3Ma BnvKanLWmnMmMm KrnoveBbIMmU
KagpaMu Nno onTnN4eCKomMy rnoToKy

* [lo3a nHnunanmamnpyetcd NMIMHEUMHON MOAESIbIO
« OnepaTop YTOYHEHUS MPUMEHSETCA HECKOSTbKO pa3 Ana YTOYHEHUS Mo3bl U rMYyOuHbI
HOBOrO KIHO4YEBOIro Kaapa
« Backend — rnobanbHbin BA Ha BCEM rpadoe CLeHbI

* [lepectpanBaem rpad cueHbl, NocYMTaB ONTUYECKUI NOTOK MEXAYy BCeEMU Napamm
KagpoB, MHULUManmM3npoBaBs matpuuy pacctoaHnmm N*N

* [lpoxognm no Bcem pedbpam, HaumHaga oT DNIM3KNX NO BPEMEHU, N 3aTEM BbIbUpasd
HOBblE Kaapbl B Nopsiake yBennyeHus onTMYecKoro noToka, nogasnsas 6nmskne pedpa

* [lpnmeHsieMm onepaTop yTOYHEHUS OANd Bcex pebep nony4vmsLuerocs rpaga

https://qithub.com/princeton-vI/DROID-SLAM
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Pe3tome SLAM 1 O>7

« 3agayva SLAM bnuska k 3agadvye SFM, Ho paboTaeT B
NTEpaTUBHOM OH-INavH pexunve, B peanbHOM BpPEMEHMU

 Ha NPaKTUKe Noka B OCHOBHOM UCIOJ1b3YIKOTCHA
MYIbTUMOOAllbHbl€ MEeTOdbl, pa60Ta+0|_|_u/|e MO KriaCCN4EeCKOMY
noaxoay C Kro4veBbiM TOYHKaMW

* HenpocerteBble METOAbLI aKTUBHO pPa3BMBAIOTCHA, MPEBOCXOOAT
No TOMHOCTU Knaccu4veckne metoabl ana cnydas RGB/RGBD
KamMep, HO NOKa OYeHb BbIYUCIUTENBLHO 3aTpaTHbI
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