Kypc « ThéxmepHOe KOMIMbIOMEPHOE 3PeHUE»

Tema Ne4
«Pa3pexeHHasa 3D peKOHCTpPyKUuua n SLAM»

AHTOH KOHYLUWH
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 Structure from Motion (SFM)

* BIigSFM

« COLMAP

« SLAM

 Knaccuyeckum nogoxoa Kk SLAM
 HewnpoceteBoun nogxoq kK SLAM



CMbicn 3agayu
Structure from Motion



CTpyKTypa 13 ABUXEHUSA

[BxeHue npoekunn 3D TOYeEK, BbI3BAHHOE
OBWMXEHUEM KaMepbl, MO3BOMSET
onpenennTb kKoopanHaTtbl 3D To4ek
(cmpykmypy, structure) n camo gBmXeHune
Kamepsbl (0suxxeHue, motion).

OTO 3aja4va «CTPYKTypa N3 OBMKEHUNAY
(Structure from Motion, SfM)

Jpanons, SHIEMUE DO Pazaimuiunul yraasu sphis

o rpaknpt ua xnbie wer Oculus artifeielis Teledioptricus ama. 1702 roxa



[Tpnmep pesynbTaTta paboTtbl STM




[Tomep NPUNoKEeHUA

MHCneKunA B

TPYAHOAOCTYMHbIX MecTax no
CbEMKe C APOHOB

* Crtpoum 3D mogenb no
n3obpaxkeHnam

e J1aém UHCTPYMEHTbI ANA
BM3Yya/IbHOIO N3y4YeHUs
n3obparkeHna n otobparkeHms
B3anmoaencrtsma B 3D




A Project

dev.reconstructinc.com

PROJECT: MUIT.LUCHE_BRIDGE 2 day(s) left in trial [ Y

FriFeb 24 2077

P et =D = Point Cloud



y =3
3auem elLlé HyxHa SfM? LO)-

* [lepBbin War B peweHun gpyrmx 3D 3apav
« Kanunbposka kamep ans nnoTHon 3D peKOHCTPYKLNM
« Kanunbposka kamep ans npumeHeHnsa NeRF / 3DGS



Cxema paspexeHHon 3D pekoHCTPYKLUKU No
N300paxxeHnam



3D peKoOHCTPYKLUUA NO N300pakeHUsaM

Habop n3obpaxxeHuni TpéxmepHas (3D) mogernsb

[Mpnmep 3agayvn: noctpoeHne 3D moagenu peanbHOro oobekTa
no Habopy dpoTorpadun N3 NHTEPHeTA

Source: Agarwal et. al. Building Rome in a Day. ICCV 2009



https://grail.cs.washington.edu/rome/rome_paper.pdf

Pa3pexeHHas peKOHCTPYKLUUA

e -
3D-Model",

/
/

conesponding CAL
[

ealure points
-

Point features and matching Camera localization and structure estimation

* OI'II/IpaeMCFl Ha COrnocTaBJIEHNE KITIOYEBbLIX TOYEK MEeXOY M306pa)l(eHI/IF|MI/I

» 3D pekoHCcTpyKumMa B opMe obnaka To4eK, COOTBETCTBYHOLLMX HANOEHHbBIM
KITHOYEBLIM TOYKaM Ha U300paXXeHUsIX

* Pelwaem coBmecTHO onpeaeneHne 3[ To4yek, COOTBETCTBYIOLLNX KIHOYEBLIM, U
nonoXxeHne Kamep B MNPOCTPAHCTBE OTHOCUTENBHO HUX

» 3D pekoHCTpyKuMa — obpaTHad 3agadva K 3agade KOMNbLTEPHOM rpadomku



VIHKpeMeHTanbHbIV Nnoaxoa

Knaccunyeckmin MHKpeMeHTarnbHbIN N0AX0oMd, B KOTOPOM M300paeHUa no ogHOMY
nobaeBnalTca B Moaenb Ao NOSHOro nepebopa Bcex n3obpakeHnn

Images Correspondence Search Incremental Reconstruction Reconstruction

- Initialization -

Image Registration

Outlier Filtering

Matching

Geometric Verification Triangulation Bundle Adjustment

2 g =

Source: Structure-From-Motion Revisited. CVPR2016



https://openaccess.thecvf.com/content_cvpr_2016/papers/Schonberger_Structure-From-Motion_Revisited_CVPR_2016_paper.pdf

Konnekunn nsobpaxeHumn

flickr:. ..o N

Home You Organize & Create Contacts Groups Explore
Search Photos Groups People
~ Full Text | Tags Cnly
| Everyone's Upioads 7| |colosseum SEARCH et
Sort: Relevant Recent  Interestng View. Small Medum @ Detal Slideshaw

From Siuck ir

From Joanol

From Histoncus

From Mark Vy

HecKornbko MUNIMOHOB N300paXeHnn no Tery
«Rome»



OObIYHbIE (pOoTOrpacdOUn

* [Tony4eHbl pa3HbiMK NONb30BATENAMM C Pa3HbiX doToannapaTos

IPhone 3G Nikon D3



MHnumanunsauug

BHYTPEHHEN KannbpoBKa

File size

File date
Camera make
Camera model
Date/Time
Resolution
Flash used
Focal length
Exposure time:
Aperture

ISO equiv.
Whitebalance
Metering Mode:
Exposure

Ctpyktypa EXIF-gaHHbIX

85111 bytes
200531216 04:317:12
Panasonic

DMC-FZ20

2005:03:19 12:52:33
450 x 600

No

6 . Omm

0.0012 s (1/800)
f/5.6

30

Auto

matrix

program (auto)

Panasonic Lumix DMC-FZ20 digital camera specifications

Panasonic Lumix DMC-+ 220

MaTpuua 13 cneuymndounkaumnm
Kamep




Hangem cooTBeTCTBYOLME TOUKNK




HangeHHble 0cobble TOUKU




INokanbHble geckpuntopbl: SIFT Descriptor
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Image gradients Keypoint descriptor

Histogram of oriented gradients (HoG)
« OnNucbiBaeM TEKCTYPY B OKPECTHOCTHU

* YCTONYMBBI K HEOONbLUMM CMELLEHUAM U
atPUHHBIM Npeobpa3oBaHMNAM

[Lowe, ICCV 1999]

K. Grauman, B. Leibe



o SN
ConocTaBreHne n3obpaxeHun &>

« ConocTtaBnsgeM TO4YKM Mo JeCKPUNTopam

* PUNbTPYEM NOXHblE COOTBETCTBUA NO SNUNONAPHOU
reomMeTpuu

« [Ina atoro oyaem ¢ nomolybio RANSAC BbIMMCHATD
doyHOaMeHTanbHy MaTpuly

* [Mapbl, Mexay KOTOPbIMM MHOIO COOTBETCTBUMN, Oyaem
cuMnTaTb «CBSA3aHHbIMUY
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ObbeM 3agaun

250K nsobpaxeHun -> 31M nap nsobpaxeHunn

2 Napbl NU300pakeHnn B CekyHay
*1 rog Ha 500 mawmnHax

*1M nsobpaxeHun -> 500 000M nap nsobpaxkeHnu
*15 net Ha 500 malumHax

NI



[TONCK MOXOXNX N300paxeHnn

 MeTog «MeLwok crnoB»
*ObyyaemM cnoBapb BM3yarnbHbIX crioB pasmepom 100K
*CTponM rmctorpaMmmy 4acToT ANs KaXXgoro n3obpaxxeHus:

frequency

alnn

PLOERLS B -

visual words

 [1ns kaxkgoro nsobpaxeHusa nuiem 40 Hanbdoriee noxoxXmx
« ConocTaBnaem ToO4YKM Mexay 3TMMKU napamm n3obpaxkeHnm
* BbiOnpaem xopowime napsol




Pe3ynbTaT conocTtaBreHnm

MowHocTb aeckpuntopos SIFT!



[pad

CBSI3aHHOCTU U300paxkeHum




[TocTpoeHne «cnenoB»

Image 2 Image 2
O O
0 0 @] 0o o O
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,d o “\vl/ N o /,Q \\
/"’ 'I"‘\ N g h
/u’ o,' '/,’ \b ‘\\\ o O O /’,’ O \\\\\O 0
ol o o ", o o 6\ o 0 O/,I O \\\ o
0 o e - B S @~ Q@ 11 o0 ©
Image 1 Image 3 Image 1 Image 3

« OObeguHAEeM COOTBETCTBUSA B «Cnegbl»
*OTOpacbiBaeM HeE3aMKHYTHbIE crnefbl, Kak NoTeHUManbHbIE OLLIMOKM

* Mpumep (3000 nsobpaxenHuin), scero 1.5M+ crieaos
*79% OnunHbI 2
*90% OnuHbl <=3
*08% anuHbl <= 10
CamMbiV ANUHHBbIN cnep, 385 Toyek



[‘pad cBA3aHHOCTU N300paXeHnmn

[locrne nocTpoeHua crnenos

AIcxogHble CCOOTBETCTBUS
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CTtaHgapTHasa cxema [ O O 5"‘,

*BbI0OOP ONOpHbLIX Nap n3obpakeHnn

*BbluncrieHne CTpyKTypbl Mo nape nsobpaxxeHum
[locTpoeHne maTpuubl BHYTPEHHEN KannbpoBKK
*BbluncneHvne dpyHoameHTanbHOM U CyLeCTBEHHOMN MaTpULbI
*TpmnaHrynauma Toyek
*YTOYHEHNE METOOOM CBA30K

«[lobaBneHne HOBbIX N300paXKeHNN
KannbpoBka kamepbl 1Mo n3BecTtHbIM 2D/3D coOTBETCTBUAM

*TpnaHrynaumna HoBbIX TOYEK
*YTOYHEHNE METOAOM CBSA30K



Bbibop onopHou napsl




Bbibop onopHown napsl

TR Y S

(+) bonbluas 6asa
(-) Mano To4ek

(+) MHOIro TO4eK
(-) manas 6asa

(+) MHOro To4ek %
(+) bonbluas 6asa



o IS
BbiGop onopHown napkl &>

*BO3MOXKHbI pa3Hbie 3BPUCTUKN

[ omorpadoua nnoxo onuckLIBaeT CLUEHY, Koraa cueHa He
NfocKasi, U CyLeCcTBEHHbIV napannakc (bonbluaa 6asa)
[Tpumep:

* Bo3bmeM napsbl, B KOTOpbIX > 100 COOTBETCTBUA

* Bbluncnmum romorpadpuio n dyHoameHTanbHyo MmaTpuuy

* Beibepem napy nsobpaxeHnm, MUHUMN3NPYIOLLEE OTHOLLIEHWE:

numInliershyomography

numInliersSgpatrix



[TpMepbl PEKOHCTPYKLUA

Dubrovnik, Croatia.

# images downloaded: 57,845

Size of largest connected component: 4,619
# points: “2M

# observations: ~11.3M

Time: 18 hours
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[TpMepbl PEKOHCTPYKLUA
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BigSFM



BigSFM

BigSFM: Reconstructing the World from Internet Photos

Our group is working on building a 3D model of the world from online photo collections, and our research spans several areas, from image
features, to large-scale image matching, to structure-from-motion optimization, to applications such as location recognition. This page
summarizes our work, has links to code and datasets we have made available, and has a description of each project.

Cornell Participants (and alumni): Noah Snavely (Cornell), David Crandall (Indiana University), Daniel Hauagge (Cornell),
Kyle Wilson (Cornell), Song Cao (Cornell), Yin Lou (Cornell), Yunpeng Li (EPFL), Andrew Owens (MIT),
Johannes Gehrke (Cornell) Dan Huttenlocher (Cornell)

Other Collaborators: Sameer Agarwal (University of Washington and Google), Brian Curless (UW),
Yasutaka Furukawa (Google), Steve Seitz (UW), Ian Simon (UW), Rick Szeliski (Microsoft Research)

We gratefully acknowledge the support of the following sponsors:

amazon @ Microsoft ql
webservices”

National Science Amazon Web Services . A IU Data to
Foundation in Education MIT Lincoin Labs Microsoft Insight Center

http://www.cs.cornell.edu/projects/bigsfm/



http://www.cs.cornell.edu/projects/bigsfm/

["nobanbHoe nNo3numMoHnpoBaHme

" Landmarks UPLOAD Z:0 @0 Q0 |
&/
v 57 Iﬁpu! ;)M!o

with matches

Hlagis Sofia, lassbul

DXwnsran Hong Koag

Output pose estimate

Nwem noxoxune gootorpadum +
COMOCTaBMAET MO KIOYEBbLIM
OCOBEHHOCTAM € 34 ToYKamMu
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BusyanbHas XpoHonorug

Scene Chronology

Kevin Matzen and Noah Snavely
Cornell University

ECCV 2014




COLMAP



COLMAP

# COLMAP

Search docs

Installation

Tutorial

Database Format
Camera Models

Output Format
Datasets

Graphical User Interface
Command-line Interface

Frequently Asked Questions

Changelog

Contribution
License

Bibliography

Docs » COLMAP View page source

COLMAP

Sparse model of central Rome using 21K photos produced by COLMAP’s SfM pipeline.

i
i Fe LR

Dense ;'node!s of several landmarks produced by COLMAP’s MVS pipeline.

https://colmap.qithub.io/



https://colmap.github.io/

YnyduweHue rpada cueHbl

Correspondence Search

Matching

Geometric Verification

Incremental Reconstruction

- Initialization ~

¢ Image Registration

Triangulation

Outlier Filtering

Bundle Adjustment

yron

Source: Structure-From-Motion Revisited. CVPR2016

 [1ns KannbpoBaHHbIX Nap U300paXKeHUn cYMTaeM TakkKe CYLLLEECTBEHHYIO
MaTpULYy, ABMKEHUE KaMepbl, TPMaHTYNIMpyeM TOYKU U a,, - MeAWaHHbIN’

» Ecnun napa kagpoB XOpOLLO onncbiBaeTcsa romorpaduen, 1o aTo
NO3BOSINT HAM pasfnnyaTtb YMCTbIN MOBOPOT (MNaHopaMy) U NIIOCKY CLUEHY

« [Ina TOYeK Ha rpaHuLe cuynTaem npeobpasoBaHue nogobus, n ecnu
0N TakNX ToYeK, yaoBneTBopsAoLLmnX F unm E Bbicoka, TO BEPOSATHO 3TO
TOYKM BOASAHBIX 3HAKOB, MO3TOMY Takue Kaapbl Mbl BblbpackiBaem


https://openaccess.thecvf.com/content_cvpr_2016/papers/Schonberger_Structure-From-Motion_Revisited_CVPR_2016_paper.pdf

Bbibop cneaytoulero nyywlero kaapa

Correspondence Search Incremental Reconstruction Reconstruction

= Initialization -l mmm—————— 5 |
Matching ¢ Image Registration Outlier Filtering ¢ ;&_# ?
@ & :

Geometric Verification

* . . H .
Triangulation Bundle Adjustment

Source: Structure-From-Motion Revisited. CVPR2016

: T I S e « BbiOOp cnenytowero kagpa ans repatmBHOro MetToaa
21 seeel |[SSee | Elaite 0COBEHHO BaXeH, T.K. OLUMGKM MOTyT HakannmBaTbCs

« PaccmartpuBaem kagpsbl, Yy KOTOPbIX > Ny
TPUaHrynMpoBaHHbIX TOYEK

* MpeanoxeHa npoLenypa OLEeHK/ KayecTBa
pacrnpeneneHuns Touek

e~ Soore =200 » Pa3buBaem nsobpaxeHmne ceTkon, CHUMTaemM HYUCro

F}gllre 5 S.cor.es ff)r different number of.pomts'(lett and right) with o505 HHaHHBIX KNETOK, KaXoi HasHayas Bec
different distributions (top and bottom) in the image for L = 3.
nponopunoHasibHO nnowaan


https://openaccess.thecvf.com/content_cvpr_2016/papers/Schonberger_Structure-From-Motion_Revisited_CVPR_2016_paper.pdf

PobacTHasa TpuaHrynauus

Correspondence Search Incremental Reconstruction Reconstruction

- Initialization = I o 3
Matching ¢ Image Registration Outlier Filtering ¢ .

Geometric Verification gag Triangulation Bundle Adjustment

Source: Structure-From-Motion Revisited. CVPR2016

* [lpegnonaraem, 4YTo B cnegax MoryT 6bITb OLUMOKK, MO3TOMY NPUMEHSIEM
meTog RANSAC ons MHOrokagpoBon TpUaHrynaumm

* CamnnmpyeM TOJIbKO YHUKAllIbHbIE€ Napbl TOYEK

* I3HayanbHO npegnonaraem masnyto OO0 UCTUHHBIX COOTBETCTBUM,
nepecynTbiBaem oLeHKy B npouecce RANSAC



https://openaccess.thecvf.com/content_cvpr_2016/papers/Schonberger_Structure-From-Motion_Revisited_CVPR_2016_paper.pdf

Bundle Adjustment

Correspondence Search Incremental Reconstruction

- Initialization ~

¢ Image Registration Outlier Filtering

Matching

Geometric Verification Triangulation Bundle Adjustment

Source: Structure-From-Motion Revisited. CVPR2016

* [NpnmeHaem Local BA Ha maneHbKuX rpynnax TeCHO CBA3aHHbIX KagpoB
nocne gobaBrfieHNs KaXXaoro kagpa

* [NpumeHsaem Global BA Tonbko npu yBenuvyenmn 30 mogenu Ha
onpeaenéHHy BENMNYUHY

* ITepaTtueBHas cxema ¢ ounbTpaumnen:

* [Mepen BA NOBTOPHO TpUAHrynmpyem TOYKU U UnbTpyeM NoXxHble (4ToObI He nopTunu BA)

* [Mocne BA cHoBa TpuaHrynupyem, 4toobl 4OMNOMHUTbL MOAENb TOYKAaMU, KOTOPbIE MOTMN MI0X0
oLEeHMBaTbCA N3-3a olMbKax B No3ax U T.4., U OTPUNbTPOBATb NOXHbIE.

* [NoBTOpPsiem BA, NOCKOMbKY B NPOLUYHO UTEPALMIO MOTfN UCMNOSb30BaTbLCS JIOXKHbIE U
NcKaXkaTb BCE


https://openaccess.thecvf.com/content_cvpr_2016/papers/Schonberger_Structure-From-Motion_Revisited_CVPR_2016_paper.pdf

Redundant View Mining

Correspondence Search Incremental Reconstruction

- Initialization ~

I:> Image Registration

Matching Ouitlier Filtering

Geometric Verification Triangulation Bundle Adjustment

Source: Structure-From-Motion Revisited. CVPR2016

« MoXem «cxronbiBaTb» 04eHb ONM3KMe pakypchbl B OOUH

« OTO CYLWECTBEHHO YCKOpPSIET paboTy, B nepsyto odepenb BA bes
noTepn TOYHOCTU


https://openaccess.thecvf.com/content_cvpr_2016/papers/Schonberger_Structure-From-Motion_Revisited_CVPR_2016_paper.pdf

CpaBHeHMe ¢ aHanoramu
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Figure 9. Reconstruction of Gendarmenmarkt [61] for Bundler
(left) and our method (right).



CpaBHeHMe ¢ aHanoramu

# Images # Registered # Points (Avg. Track Length) Time [s] Avg. Reproj. Error [px]

Theia Bundler VSFM Ours Theia Bundler VSFM Ours Theia Bundler VSFM Ours Theia Bundler VSFM  Qurs
Rome [ ] 74,394 - 13,455 14,797 200918 - 5.4M 12.9M 5.3M - 295200 6,012 10912 - - - -
Quad [ /] 6,514 - 5,028 5.624 5,860 - 10.5M 0.8M 1.2M - 223200 2,124 3,791 - - - -
Dubrovnik [ ] 6.044 - - - 5913 - - - 1.35M - - - 3821 - - - -
Alamo [ 1] 2915 582 647 609 666 146K (6.0) 127K (4.5) 124K (8.9) 94K (11.6) 874 22,025 495 882 1.47 2.29 070  0.68
Ellis Island |1 ] 2,587 231 286 297 315 29K (4.9) 39K (4.1) 61K(5.5) 64K (6.8) 94 12,798 240 332 241 2.24 071  0.70
Gendarmenmarkt [ 1] 1,463 703 302 807 861 87K (3.8) 93K (3.7) 138K (49) 123K (6.1) 202 465.213 412 627 2.19 1.59 071 068
Madrid Metropolis [ ] 1,344 351 330 309 368 47K (5.0) 27K (3.2) 48K (5.2) 43K (6.6) 95 21,633 203 251 1.48 1.62 0.59 0.60
Montreal Notre Dame [ || 2,298 464 501 49] 506 154K (54) 135K 4.6) 110K (7.1) 98K (8.7) 207 112,171 418 723 2.01 1.92 0.88 0381
NYC Library [ 1] 2,550 339 400 411 453 66K (4.1) 71K (3.7) 95K (5.5) TTIK (7.1) 194 36462 327 420 1.89 1.84 0.67 0.69
Piazza del Popolo ||| 2,251 335 376 403 437 36K (5.2) 34K (3.7) 50K (7.2) 47K (8.8) 89 33,805 275 380 2.11 1.76 076 0.72
Piccadilly [/ 1] 7,351 2,270 1,087 2,161 2336 97K (4.9) 197K (3.9) 245K (6.9) 260K (7.9) 1,427 478956 1,236 1961 2.33 1.79 079 0.75
Roman Forum | /] 2,364 1,074 885 1,320 1409 261K (4.9) 281K (44) 278K (5.7) 222K (7.8) 1,302 587451 748 1,041 207 1.66 0.69 0.70
Tower of London ||| 1,576 468 569 547 578 140K (5.2) 151K (4.8) 143K (5.7) 109K (7.4) 201 184,905 497 678 1.86 1.54 0.59 0.61
Trafalgar [ | ] 15.685 5.067 1,257 5087 5211 381K (4.8) 196K (3.7) 497K (8.7) 450K (10.1) 1,494 612452 3921 5,122 2.09 2.07 079 0.74
Union Square [ ] 5,961 720 649 658 763 35K (5.3) 48K (3.7) 43K (7.1) 53K (8.2) 131 56,317 556 693 2.36 3.22 0.68 0.67
Vienna Cathedral [/ '] 6,288 858 853 890 933 259K (4.9) 276K (4.6) 231K (7.6) 190K (9.8) 764 567213 899 1244 245 1.69 0.80 0.74
Yorkminster [ ] 3,368 429 379 427 456 143K (45) 71K (3.9 130K (5.2) 105K (6.8) 164 34,641 661 997 2.38 2.61 072 0.70

Table 1. Reconstruction results for state-of-the-art SfM systems on large-scale unordered Internet photo collections.



[Tpobnema NoBTOPSAOLWMXCH CTPYKTYP

https://github.com/rajkataria/ReliableResectioning (3DV 2020)



https://github.com/rajkataria/ReliableResectioning

Resectioning — gobaBneHmne HOBOro Kaapa

Resectioning Is a critical step

1. Select image that views the most triangulated points

2. Estimate pose of image using all the triangulated points
(PnP algorithm using RANSAC)

48



[MeHanusauna onmMHHbIX crneanos

Robust Matches: 717 B Robust Matches: 458
AAM Matches: 50.69 AAM Matches: 11.75

Ambiguity-adjusted match score (AAM): Discount longer tracks that are more likely to correspond
to duplicate structures




CopTupoBka kagpoB no AAM score

» Local resectioning order uses most similar image

* We use points from a smaller set of reliable images to determine resectioning order
and pose estimation

50



[loaxon K pecekuunn

Local pose estimation uses reliable images only

Use points from a smaller set of reliable images to determine resectioning order and pose
estimation

max

51



[logxopn K pecekumnn

Local pose estimation uses reliable images only

Use points from a smaller set of reliable images to determine resectioning order and
pose estimation

52



YnyJlieHne ctaHAapTHbIX NOAXOA0B

Local resectioning using ambiguity-adjusted matches compared against baselines (standard
OpenSfM and COI MAP ninelines)

Duplicate
Structures Dataset

UIUCTag Dataset

TanksAndTemples
Dataset

OpenSfM w/ Our COLMAP w/ Our
OpenSiM Resectioning COLMAP Resectioning

3 Partial Successes
2 Partial Successes
3 Partial Successes




[Mpumep - Cereal (DuplicateStructures)

OpenSfM (OURS)

>l




[Mpumep - ece floor3 loop cw (UIUCTag)

OpenS.ﬂ\/I (OURS)

OpenStM
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[Mpumep - TempleOfHeaven (Internet)

OpenSfM (OURS)

56




MOo>XXHO nn ynyJwunTb 3a cyeT DL-To4ek?

Image Matching Across Wide Baselines: From Paper to Practice

Yuhe Jin - Dmytro Mishkin - Anastasiia Mishchuk - Jiri Matas - Pascal Fua -
Kwang Moo Yi - Eduard Trulls

Number of Ima ges Number of images

Local featured type Local feature type
100 200 400 800 all 100 vs. all 200 vs. all 400 vs. all 800 vs. all
- = = 3 = = SIFT [54] 0.58°/0.22° 0.31°/0.08° 0.23° /0.05° 0.18°/0.04°
SIFT [54] 0.06° 0.09° 0.06" 0.07° 0.09 SIFT (Upright) [54]  0.52°/0.16° 0.29° /0.08° 0.22° /0.05° 0.16° /0.03°
SIFT (Upright) [54] 0.07° 0.07° 0.04° 0.06° 0.09° ;{ardiz)eg(?m%m [62] ?3358;‘,’ ?ﬁ;gg ?(2);;822 3;3;823
o uperromt |- L 2 . 5 . 8 2 8
HardNet (Upright) [62]  0.06°  0.06° 0.06° 0.04°  0.05° R2D2 [50] 0.49°/0.14° 0.32°/0.10° 0.25° /0.08° 0.18° /0.05°
SuperPoint [34] 0.31° 0.25° 0.33° 0.19° 0.32°
R2D2 [80] 0.12° 0.08° 0.07° 0.08° 0.05°

Table 3 Pose convergence in SfM. We report the mean/median of
the difference (in degrees) between the poses extracted with the full set
e . of 1179 images for “Sacre Coeur”, and different subsets of it, for four
Table 2 Standard deviation of the pose difference of three local feature methods — to keep the results comparable we only look at
COLMAP runs with different number of images. Most of them are the 100 images in common across all subsets. We report the maximum
below 0.1°. exce pt for SuperPoint. among the angular difference between rotation matrices and translation
vectors. The estimated poses are stable, with as little as 100 images.
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Compared to
SIFT (Upright) HardNet (Upright)  SuperPoint R2D2
SIFT [54] 0.20° /0.05° 0.26° / 0.05° 1.01° /0.62° 0.26° /0.09°

Reference

Table 4 Difference between poses obtained with different local
features. We report the mean/median of the difference (in degrees)
between the poses extracted with SIFT (Upright), HardNet (Upright),
SuperPoint, or R2D2, and those extracted with SIFT. We use the max-
imum of the angular difference between rotation matrices and transla-
tion vectors. SIFT (Upright), HardNet (Upright), and R2D2 give near-
identical results to SIFT.

(a) SIFT (b) SuperPoint (¢c) R2D2

Fig. 6 COLMAP with different local features. We show the recon-
structed point cloud for the scene “Sacre Coeur” using three different
local features: SIFT, SuperPoint, and R2D2, using all images available
(1179). The reconstructions with SIFT and R2D2 are both dense, albeit
somewhat different. The reconstruction with SuperPoint is quite dense,
considering it can only extract a much smaller number of features ef-
fectively, but its poses appear less accurate.
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Pe3iome SfM &> 5“",’

Pa3pexeHHasi TpEXMepHasi PEKOHCTPYKLUUA — OOUNH U3
Hanbdonee npopaboTaHHbIX pa3gesioB KOMMNbLIOTEPHOrO 3PEHUS

Mcnonb3yeTca gna potorpamMmmMeTpumn Unm Kak nepsbiv atan
Ona nocnegytowen nnotHou 3 pekoHCTPYKUUK UK
pacno3HaBaHu4

EcTb xopoLwume oTKpbITble ODUONUOTEKN

[na pelweHnsa otaenbHbIX Noa3agay cenyac nccneayroT
HEWPOCETEBbLIE METOAbI

3apayy Henb3sa cYnTaTh MONMHOCTLIO PELUEHHOW, HE ANs BCeX
KagpoB yaaéTcsa HauTu nosy, bbiBaloT cepbE3Hble COOU, MHOIO
LLUYMHbIX TOYEK



SLAM



Simultaneous Localization and Mapping (SLAM)

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

T I {@5{"“’;

SEEPREEaY ZunmauSELE

KapTa Kako-To KBapTUPbI KapTa un TpaeKtopus

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



StM vs. SLAM

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» 0bbl4HO NpeacTaBneHa B Buae Habopa Kno4veBbIX KagpoB C No3amMin U
obnakom To4yek. HenoHAaTHO, Kak oueHnBaTb TOYHOCTU Takmx KapT. [NoaTomy

kadyecTBO SLAM 0DbIYHO OLLEHMBAIOT NO TPAEKTOPUAM

Dense point cloud from RGBD
video

Sparse point cloud from monocular
RGB images



CemMaHTn4yeckmne KapTbl

« Ecnu kapTbl cTpoATCA, TO 06bIMHO OHU CTPOATCS B Buae 2L nsobpaxeHumn.
« [1Ns oueHKn TOYHOCTN TpebyeTca aTanoHHaAa pa3MeTKa 3TUX KapT

Occupancy grid map Occupancy grid map with
semantic labels

Vector map with labels



Knaccudecknun 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 -9
3D-Model*, /.

coresponding CAL

teature points A—k/./ I

TouKM N nx conocTassieHne JToKanusaums Kamepbl U CTPYKTYpa 13
NBUXKEHUA




ORBSLAM

TRACKING
Tl Eract L rame or || , Track [ New KeyFrame » [MepBas paboTa LyKna oTKPbITbIX peanu3saume
ORB Relocalisstion Local Map Decision SL AM-MGTO,D,OB
‘ I
Map ,niza“za“on MAP KeyFrame * https://qgithub.com/raulmur/ORB_SLAM
PLACE \ - Y S OnupaeTtcs Ha bbicTpbin aetektop ORB
RECOGNITION | -l O
ation § 3 KapTa cueHbl onncekiBaeTca HabopoM KHYEBbIX
R 2 KagpoB 1 Habopom 34 Toyek, HabnogaemMblX Ha
I
Covisibility ?:‘:xlling T 3TUX Kagpax
Recognition Graph — g _ _
Database Spenning WonPolel § 3 HUTK ncnonHeHusa (Tracking, Local Mapping,
reation .
i Loop Closing), paboTatowme napannesibHoO
Local BA .
Loop Correction Loop Detection ‘:: - » Tracking — oTcrnexxmBaHue TOYEK N OLEeHKa Mo3bl
g oc o
gptlm:;e' Loop Compute || Candidates KeyFrames KaMepbl B JTOKAJIbHOW KapTe
?;s,ea:r:a Fusion Sim3 Detection Culling )
, —— * Local Mapping — nobaBneHne HOBOIro

LOOP CLOSING KINKO4YEeBOIro Kagpa B KapTy n nocneacrtend 3T1oro

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.

Loop Closure — onpeneneHne LUMKIoB 1
YTOUYHEHWNE KapTbl U TPAEKTOPUKN n3-3a 3TOro

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

l=llll.
* 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 « Kaxpgow nape conoctasnsem 1 (ecnu apkocTtb I(a)>
nocnegoBaTerbHbIX NUKCEesoB NMbo ceeTriee p I(b;)) n 0, ecnn HaobopoT
DonbLlue, yem Ha nopor t, IMbo TemHee * [lony4yaem 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

- e Ha HoBoMm kagpe HaxogaTcsa ORB To4Yku
Extract ln;t::lml’;ss: 5:::’:'?:()" Track New KeyFrame AP A
Frame |- ORB Relocalisation LocalMap ||  Decision OHK conocTaBnATCA ¢ NpeablayLLInM Kagpom,
. MAP ] N OLEHNBAETCH Mo3a KaMepbl.
Map Initialization KeyFrame
= ¥ - Ecnu c npegblaywim Kagpom He yoaeTcs
PRAGE ~ o
RECOGNITION i KeyFrmae 2 COMOCTaBUTCH, TOraa penokanmaauud
, w:l;,a. ' Recent || = [Nockonbky ORB HeHaaeXHbIN, TO TOYeK !
ocabulary Covisibility Mg%'l"g:';ts > cornocTaBndeTca Mano, No3ToMy OTAENbHbIN
Recognition SNeph — atan Track Local Map
Database Spanning New Points || &
Tree Creation C npeoblayLlmx KroYeBbiX Kagpos Buanmsie 3/
R—— Wam— Local BA TOYKWN CLEHbl NPOEeLMPYIOTCA Ha TEKYLWMU Kaap,
= Locet JomnbTPYyHOTCA NO 3BPUCTUKAM, U 3aTEM
e Loop Compute || Candidates KeyFrames
Essential || Cgion sl Dikition Culling maTyaTcs ¢ HecMmatyeHHbIMn ORB TOoYkamu
i

LOOP CLOSING

[1o nTory nosa yTo4HAET, U NPUHUMAETCH
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 Kadpbl, KOTOpble BUAAT >= 15
OOHUX N TEX Xe TOYEeK
Essential Graph — ynpowéHHasa kapta CueHbl C

NnpopexXeHHbIMN CBA3AMU, MNHMallbHOE
OCTaBHOE epeBo

EG ncnonb3yeTtcd, Korga HY>KHO YTOYHUTbL BCHO
KapTy Npu 3aKpbiTUN LUKIIOB

KntoyeBble Kaapbl BbIOMpaOTCS YacTo,
NPeaycMoTPeH MexaHM3M OTOPaKOBKM NULLIHUX
KNKYEBbIX KaApoB

[ToncK NOXOXMX M30OPaXKEeHUI Mo TEM Xe
KNKYEBbIM TOYKaM MCMNONb3yeTcs AN OeTeKLum
LIMKIOB N pe-nokanusaumnm

» https://github.com/dorian3d/DBoW?2



https://github.com/dorian3d/DBoW2

ORBSLAM - Loop Closure

3aKpbITHE LUUKAA NPUBOAMT K KCKaYKaM» KaMepbl U NepecyETy KapThbl

Mocne 3aKpbITUA LUUKNA [10 3aKpbITUA UMKNA



[BnxKeHne 66110 B 0O4HOM U
APYromM HanpaBAEHUU, MO3ITOMY
KapTUHKM HE BblNn NOXOXNMMN,
LMKAN He 6bln 0OHapyXKeH, u
3aKpbITUE LUUKNA HE MPOU3OLLO




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 296.08 360.41 171.11
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

Pose Prediction
Stereo/RGB-D Pre-process (Motion Model) Track New KeyFrame

.. Kl
TRACKING Frame Input or Relocalization Local Map Decision
el ] T —
ORB I - Lt Local Map KeyFrame
v PLACE Yy -
Map Initialization RECOGNITION MAP = KeyFrame 8
= Insertion
PLACE 5 Visual . =
RECOGNFI’I Y , Recent ;
r ~- = _— MapPoints || >
g Recognition - | Covisibility Spanning Culling g
2 Database Graph Tree — =
g New Points || &
o Creation
Loop Correction Loop Detection Local BA
Loop Correction Loop Detection ‘ = : - - = |
- = Optimize Local
Optimize Loop Compute || Candidates Undate. § :Full - | Essential Loop Compute Query #—+ KeyFrames
Essental | cison [fl “Sima || Detection il Boll ) T Rl Ml Knsead | Culling
LOOP CLOSING FULL BA 'LOOP CLOSING
ORBSLAM ORBSLAM2

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
seom—— Stereo « Ha cTepeonape Mbl COMocTaBdeM TOUYKN MexXay
B ;| Extract| | Stereo Keypownts pakypcamu, TpuaHrynupyem, n cpasy nonyyaem 3[
Image | : ORB Matching M
iy KOOPAUHATHI
Right | . [ Extract | Keypoints
| Imgage . s  Bblgensgem «bnuskme» n «ganbHUE» TOYKW.
Lz : o [1na 6nunskux gocTtaTouYHbIN Napansakc no3BonigeT
5?-9-'53?5?9-?68'[) Stereo TOYHO OLIEHUTb rMybuHY 1 ncnonb3oBaTb And
. [ Extract Generate Keypoints
- ORB Coordinat Mono
Lol T'“a E Keypoints | ° HanbH1E TOUKM OLleHBaeM TOJbKO NPpUMEpHo,
D;F;tr"" 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

400F 400}

300¢

300} L_
]

_ _
E 200} C’A J E 200} ¢
> ’ >

= )

100¢

100}

=400 =200 0 200 400 =400 =200 0 200 400
x [m] x [m]

Fig. 5. Estimated trajectory (black) and ground-truth (red) in KITTI 08. Left:
monocular ORB-SLAM [1], right: ORB-SLAM?2 (stereo). Monocular ORB-
SLLAM 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’g’;a;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:;eaﬁg;‘ Track New KeyFrame integret
Frame [®]| Input or Relocalization || 268 Map Decision: "l @000l e s oo e
|
' DBoW2 Active Map ' l
PLACE '  KEYFRAME 4 v ' :
g 1 { MapPoints } 1
RECOGNITION MAP \ ) KeyFrame
: KeyFrame || © , DATABASE Maproints )| IR ' (st bl
d _— Insertion > I Vst |
MapPoints ) ( KeyFrame I i isua
O G e = | N5
J— MapPoints || > | MapPoints
Recognition | Covisibility Spanning Culling % | Covisibility : Culling g
Database Graph Tree — = g [ Dutabase Covisibility S ] i | [New points || 5
New Points || & ; Graph : 2
Creation P Spanning I Creation >
: Spanning Tree | : 3
Loop Correction ____Loop Detection Local BA " Tree [ - | Local BA =
. e——— | pem——) 00 02 e e esscecscsscsccccescssseeeeoe )
Optimize Local IMU
Update || Full . Loo Compute ue
&ap BA Essential Fusi:n seps ngb;yse 1| KeyFrames 'L.c.’.?f.’.g.?.r.r.?.c..t.'?.'? .................... Place recognition .....cce..e : Ilnitialization
:||_Graph , Culling 7 : - :
i Ma Full p |muge Local
FULL BA LOOP CLOSING e Essential koD i | KeyFrames
Update || BA Gra h Fusion g :
FULL B A 3 L - Ji| Compute | | Database ||: Culling
Optimize | ™ 2| Sim3/5E3 Query |ig IMU Scale
Essential [[Welding|| Merge : Refinement
: Graph BA Maps
M‘é'b"ri/ié'r'diﬁé """"""""""" 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
» AkcenepomeTpsl (IMU) eCcTb BO MHOIMX
. ATLAS | |KeyFrame ycTponcTBax (TeriedpoHax, kKamepax)
' DBoW2 Active M '
, DBowz ive Map o | ¥ ' IMU nos3BongeT yny4ylinTb TPEKUHI Kamepbl Npu
. | sy | KeyF .
« DTS Il [| insertion motion blur, manom uncne ORB, 1 B Lefiom
: Visual '
: . || maprams || 5~ OBBICMTH TOHHOCTb
: el . |==22|%2 " Atlas — kapTa, cocToslLas N3 MHOMX
. Covisibility rap . New Points ’
' Graph Spanning ] creation || 3 OTAENbHbIX KApT. O4HA U3 HUX «aKTUBHAY,
! S i ree | v
: “Tree ;—]1 | * || e |2 MCMONb3yeTCs ANs TEKYLLEro TPEKMHra.
__________________________ z
Loop Correction .. Place recognition : Ilnitie:'l\?zliation ' Ecnun obHapyxumBaem «CBSA3b» MeXay kapTamu
Map [ Fan ], .|| Oetimize I o T toca B atfiace, Toraa Mbl UX 06beanHaem
Uodate ll BA ~H Essential Fusi:n Soiiames
= Graph Compute | | Database ||: Culling
FULL BA gu uc-).';-t.i.r;:‘;i.zue. :::::::::::::::::::::::::: S|m3/SE3 Query MU Scale
: ||Essentiat [[Welding Merne : Refinement
Graph BA Maps

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  MHODY MHOS | Vi0i  VI02 Viod | Vaoi Va2 Vol | Ave' |
ORB['f'MM ATE?3 0071 0067 0071 0082 0060 | 0015 0020 - 0.021 0.018 - | 0047
?,g.ﬁ ATE 0046 0046 0172 3810 0110 | 0089 0107 0903 | 0044 0132 1152 | 0.601
Mosocular ?Xfl’ ATE 0100 0120 0410 0430 0300 | 0070 0210 - 0.110 0.110 1.080 | 0.294%
'ljfff ATE 0039 0036 0055 0057 0067 | 0095 0059 0076 | 0056 0057 0784 | 0.126
Glm(’;“smp)um ATE 0.016 0027 0028 0.38 0072 | 0033 0015 0033 | 0023 0020 - | 0041*
) b
O [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 VG
5 ATE 0040 0070 0270 0470 0120 | 0040 0040 0070 | 0050 0090 079 | 0.159
ORI(’;&?M" ATE 0029 0019 0024 008 0052 | 0035 0025 0061 | 0041 0028 0521 | 0084
Mgﬁfp ATE® 0420 0450 0230 0370 0480 | 0340 0200 0670 | 0100 0.160 1130 | 0414
o;g;"ls ATE® 0160 0220 0240 0340 0470 | 009 0200 0240 | 0130 0.160 0290 | 0231
o ATE® 0210 0250 0250 0490 0520 | 0400 0100 0.140 | 0120 0.140 0140 | 0224
Monocular | ORBSLAM-VI ATE™ 0.075 0.084 0087 0217 0.082 0.027 0.028 > 0.032 0.041 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*
VlN?;P;lono ATE 0084 0105 0074 0122 0147 | 0047 0066 0180 | 0056 0090 0244 | 0.110
VIDSO ATE 0062 00 O 0T O 0050 0067 0096 | 0040 0.062 0174 | 0089
46] scale estor 1 05 04 02 08 11 il 08 12 03 04 0.7
—ORB-SLAM3 ATE 0062 0037 0046 0075 0057 | 0049 0015 0037 | 0042 0.021 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.Fuss
VL\?&;’""“ ATE 0166 0152 0125 0280 0284 | 0076 0069 0.114 | 0066 0091 009 | 0.138
BASALL ATE® 0080 0060 0050 0100 0080 | 0040 0020 0030 | 0030 0.020 0.051*
Stereo [47]
Inertial K’[";i“' ATE 0080 0090 0110 0.450 0240 | 0050 0410 0120 | 0070 0100 019 | 0.119
—ORB-SLAMS ATE 0036 0033 0035 0051 0083 | 0038 0014 0024 | 0032 0014 0024 | 0.035
(ours) scale ewroe 06 02 06 02 09 08 06 08 102 02 0.6




Heunpoceteson SLAM



Deep Visual Odometry

HenpoceTteBbie MeToabl Ha4Yanu
NpoHMKaThb B 3agavyy SLAM
NOCTENEHHO, paccMmaTpuBas
oTAesNbHble Noa3agayn

[Mpumep - Visual Odometry

3agava — OUEeHUTb OBWXEHUE KaMepbl
MeXay napoun Kagpos

BcrnomorartenbHbie 3agayu, Takme Kak
OLleHKa ONTUYECKOro NOTOKa, OLEeHKa
KapTbl rMyOMHbBI 1 T.4. NCMONb3YOTCH
Kak BCMoMoraTernbHble, YTOObI
HEMpoCceTb Nnosny4yana gocTaTouHO
NHopMmaLMKn 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
oo i -2 , 1 s | | "
o e e | e | T It
Image pair _ _ , depth  egomotion
bootstrap net iterative net  refinement net

Image pair ! Image pair encoder decoder

optical flow ) L — L;'_
) | depth
|+ normals
! ‘ l‘

—_ depth + normals —_—

flow from depth & motion
+ warped 2nd image

(depth from flow & mation

__+warped 2nd image |

+ confidence

3-' Vdepthrs'cale: |
=57 motion: r, t

— motion: r, t

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
TI\'C'
OueHnBaem No3y Kamepbl
Cxema OTHOCUTENbHO NPEACKa3aHHOro

BMPTYa/IbHOrO Kaapa

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

— 5¢ ;
ﬁfﬁ@ Zigg 96 — ¢
| ‘S( A JNY
= & l

fully connected

inputs }

key frame virtual key frame

pose update 4T

optical flow prediction
(only during training)

pose TV

.
current image

-m. q
I . e

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



Moaynb KapTorpadupoBaHus

* Mapping = high-quality depth estimation for keyframe

Keyframe
il

Bﬂ)\ /__
Nt

Fixed band module Narrow band module

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

Iteratively




[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



https://arxiv.org/abs/2003.12039

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



https://arxiv.org/abs/2003.12039

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
OLleHMBas No3y U KapTy rMyOuHbI.

« HeinpoceteBon moaynb NPUMEHSIETCS K pEbpam rpada, YTOUHSSA No3y U
KapTy rnybuHbl Kagpa

Monocular, Stereo or RGB-D Video

https://qithub.com/princeton-vI/DROID-SLAM



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

3
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 nHnunanmanpyetcd NIMHEUHON MOAESIbIO
« OnepaTop YTOYHEHNS MPUMEHSETCA HECKOSBbKO pa3 Ans yTOYHEHUS No3bl U rMYyOnHbI
HOBOrO KIHO4YEBOIro Kaapa
« Backend — rnobanbHbin BA Ha BCEM rpadoe CLeHbI

» [lepectpanBaem rpa@d cueHbl, NocYMTaB ONTUYECKUIM NOTOK MEXAy BCeMU napamm
KagpoB, MHMLManu3nposas MaTpuuy pacctosHum 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 rpada

https://qithub.com/princeton-vI/DROID-SLAM



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

[ ! -—"?I

Pesiome SLAM &>

« 3agayva SLAM bnuska k 3agadvye SFM, Ho paboTaeT B
NTEPaTUBHOM OH-NanH pexnme, B pearibHOM BPEMEHU

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

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