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feature extraction and matching

2
arg min Hﬂ(ﬁ' X+t —x)

(a) Feature-based method (b) Direct method
(minimizing geometric errors) (minimizing photometric errors)

[12! 3] Feature-based 7 |1} direct 7|#H2| H|w!

error) S HAg TFe= H2/3)14 0158 ZH=t}. UFH direct methodojAl= EA7 FZ3} ufjA)
O] I glo] F=oiRl ol A o5} 31 ol 5 A8k, A ATE + Fe] 24 9
22l 2, = 3874 oll2{(photometric error) & 2|42 TH== /91 ol 52 2=

Visual SLAMS- 9]t feature-based method 2} direct method 2] &-&L- o}2] H&ls]

iv)
1o

iih)

R
SF3kTh. Tk direct method &] 74-9- Ztof @ Wile Fal 2A%| 0= AALE7| AR RS
o]7] uzel Sko = B eIzl 4= IAlth= Z1dite] k= 2 AFdolth. Direct method 9] 73
G- AdE AmRke = 3] fkE oA wefd o= QLS WE Ut =& A=E AL =
7 = vl dAE Q71 wizell iAoz AL ARES £ oAx|7) Tk SEA|EE A=
L glo]g] W2 QI3 T feature-based method Hr} 2 1] =8l Zlo| ARlo] 1, E3] 33
& of|HE ARES| Wi 7|2k B=F4 B A (photometric calibration)o] & @5}t E ¢
AP oA E5 AE(rolling shutter), A5 = 2% (auto-exposure) 5t -2 5491 71|
S0l &2lols Sl 22 A% EollA Aol = EolXit 201513 0] ICCVeflA
“The Future of Real-time SLAM’o|g2}= 0]5-29] |34 16]0] AN, F 2L 3= <
TAREC] =3 F7 e ER dAo] Rioh A 2o] 2 H|itoj|A] feature-based method 2] <
Lot sl 2 vot HA=t, B e AR Al Alue = RS -2 dA A2 Y

A) Rtk

)

oN,

Lorlo ot Hr

4. B2E

SLAM 7]&0] HAZ 0 Z ALE 712 ok 304 A, visual SLAMO]| tfgt ¢194= MonoSLAM
o] oF 204 Aiolch, 1S TR vkl e Ai-Eo] el W wel 2 o]
SF3ACE 2 7|20 A= visual SLAM oA Fa3t B 7HA] 952 AR, T50) 2=
= 7] gigoie] Wk 7HFs| Alw E Stk Graph-based SLAMO| # SLAMS] 7]:2.2]9]
RI9)=7] 8 25} ol olefet eictel sk Wik visual SLAM 2%k ozt LIDAR



o
olumn

SLAM, GPS-based SLAM 52| T} QA 5-S 2-85F SLAMO||= 2 oJ5RS v 3} 22 Je
ol Tt Skt AAle) SR Bk, 214, A3, x1o1 Hopmul oo} SLAME |53t 3712
AT Hopol= By 243 2§31 Ik Ui SR dlold] telAut 2L 2
2 2, o] lolu} k2 V]5te 4] ke A8 7Rst daelEEE Aokea o)
o} ofeiat F 58] 2014 seirielo] Wake T 4w gl ohjw 3wl shefekele] A1

E

2 71310 A AR 7|5 Qofl TrEkt =l AAREol ofal AR QY41 SLAM #ofe]
¢t At WOl tha 7180l st SLAM O] 3.5 &of| A ] dEAlEo] Aeket Bzl
SLAM 7|4:5-8 275} Alck.

Ab AL

2 e e B e 2021 R RAT ATtE BB Vs Y
Aog G YTE (TAE: 2 717124 3D Hloje] A4 71 A, TAH S
2021A02P02-001)

M

L

0

[1] J. Leonard and H. Durrant Whyte, “Simultaneous Map Building and Localization for an
Autonomous Mobile Robot,” IROS, 1991

[2] “SLAM Summer School 20067, https://www.robots.ox.ac.uk/~SSS06/

[3] C. Cadena et al., “Past, Present, and Future of Simultaneous Localization and Mapping:
Toward the Robust-Perception Age,” T-RO, vol 32, no. 6, 2016

[4] “OpenSLAM.org”, https://openslam-org.github.io/

[5] “Mobile Robot Programming Toolkit (MRPT)”, https://www.mrpt.org/

[6] Andrew Davison, “Real-Time Simultaneous Localisation and Mapping with a Single
Camera,” ICCV, 2003

[7] Georg Klein and David Murray, “Parallel Tracking and Mapping for Small AR
Workspaces,” ISMAR, 2007

[8] H. Strasdat et al., “Real-time monocular SLAM: Why filter?,” ICRA, 2010

[9] R. Mur-Artal et al., “ORB-SLAM: A Versatile and Accurate Monocular SLAM
System,” T-RO, 2015

[10] R. Mur-Artal and J. Tardos, “ORB-SLAM2: an Open-Source SLAM System for

Monocular, Stereo and RGB-D Cameras,” T-RO, 2017

KROS

2RSS



ZH - Visual SLAME Sall ATHE SLAM 7|&2| HelRt S5

[11] C. Campos et al., “ORB-SLAM3: An Accurate Open-Source Library for Visual, Visual
—Inertial, and Multimap SLAM,” T-RO, 2021

[12] R. Newcombe et al, “DTAM: Dense Tracking and Mapping in Real-time,” ICCV, 2011

[13] J. Engel et al., “LSD-SLAM: Large-Scale Direct Monocular SLAM,” ECCV, 2014

[14] C. Foster et al., “SVO: Fast Semi-Direct Monocular Visual Odometry,” ICRA, 2014

[15] J. Engel et al., “Direct Sparse Odometry,” T-PAMI, 2018

[16] “The Future of Real-Time SLAM: Sensors, Processors, Representations, and Algorithms,”
ICCV Workshop, 2015, http://wp.doc.ic.ac.uk/thefutureofslam/

8=

2006 AtSCHshm 7|AstEastat (Bt

2008 KAIST 2RI aISHIME (Z3t4AIA}

2019 KAIST 2E2S5SHHE (SatHiAl

2008~2020 ETRIX|SZEHEIAHATEE(M
)

0o

A

(ENmES)
R0 2R T, 3R HREHIT

E-mail : sunglok@seoultech.ac.kr

2006 +SCHEW AFEISSnH(ZEAN
2006~2007 LPA AZEQ{H A
2007~2008 LBS Plus GISHTA

2008~2012 B30 GISHTA

2012~%Ix| ETRI 2HEALEL (MAUT[=R)
ZHAE0F : 3D Reconstruction, GIS, Z4EE{H| %
E-mail : choijy725@etri.re.kr

2z

2000 ST BiCHStD M5t} (FSAN

2002 MTCHSHD HREIZET (BN
2016 STCHStD HEEITET (FoUAY

2002~A7H ETRI 2HI=ALES (MUSTH)
2AI20F: HFEH|T, SLAM, ZEMHEZ|, AlZ}
I ES

E-mail : hjookim@etri.re.kr




	Visual SLAM을 통해 살펴본 SLAM 기술의 변화와 흐름
	1. 서론
	2. 첫 번째 변곡점: Bayesian Filtering vs. Graph Optimization
	3. 두 번째 변곡점: Feature-based Methods vs. Direct Methods
	4. 결론
	참고문헌


