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An Overview of RGB-D SLAM

WANG Liu-jun, CHEN Jia-bin, YU Huan, ZHU Hui-shen

(School of Automation, Beijing Institute of Technology, Beijing 100081, China)

Abstract: RGB-D SLAM refers to Simultaneous Localization and Mapping (SLAM) using RGB-D
camera as a visual sensor. RGB-D camera is a kind of vision sensor which can be used to capture
RGB images and depth images of environment. Firstly, this paper introduced the RGB-D camera
used frequently and the RGB-D SLAM algorithm framework. Then the main achievements of
RGB-D SLAM method at home and abroad, research status of RGB-D SLAM and the key technol-
ogies of the RGB-D SLLAM method, such as feature detection and matching, the pose graph opti-
mization of the back end and the loop closure detection were introduced and summarized. Finally,
the advantages and disadvantages of the RGB-D SLLAM method were analyzed, and the research
hotspot and development trend of the RGB-D SLAM method were discussed.
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S BT L T 4FE 3 RGB-D SLAM 5 AR 45 ) P & Ji2
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1.1 RGB-D #H#LN 4

TN W 2010 ARHEH 1Y Kineet AHALZ 5
- # RGB-D #H#L, Kinect A AL & 04k 2 7 4 %t
Microsoft Xbox 360 & #i B — 3 Hl PrimeSense 2
AP R MR & . B B RGB AL, 3D I & &k
i 22 i KU 51 R0 AL 2l At B 3k AR AR (B 1)
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B AR AL A A T AR il % % Xtion Pro
Live, BFEAM W _E F1 Kinect 451, 1B bt Kinect X 51

Depth Sensor
(IR Projector+IR Cameral

B 1 %%k Kinect HH#1
Fig. 1 Microsoft Kinect

2 RGB E%(Z )% Depth Bl (4)H
Fig. 2 RGB image (left) and Depth image (right)*

W& /N JRGB FIR BE A% % 2% B9 it B A1 Kinect #H 22 0
JL., #EH Xtion Pro Live #H¥LANE 3 Fi/R., Xtion
Pro Live fl Kinect &6 b3 1 s .

Audio

Audio

3 4EH Xtion Pro Live
Fig. 3 Asus Xtion Pro Live

% 1 Xtion Pro Live # Kinect 23}t
Tab. 1 Comparison of Xtion Pro Live and Kinect

J& 1 4K Kinect vl 1EH5 Xtion Pro Live
£/cm 28 18
$i/cm 6 3.6
= G JE) / em 7.5 5
TR BE BN A AR S/ m 1.2~3.5 0.8~3.5
AHRAA ) K57 T B <43 K258 T B .45
HLR /e 1 SR+ USB2.0 USB2.0
FALL 640X 480, A 640480,
R %Eb;zosif;io ‘z%i;bgltzfif;:o‘
16bit,30fps 16bit.30fps
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Fig. 4 Cumulative error and the result after loop closing"*!
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5 RGB-D SLAM ®H xR 12 &
Fig. 5 Flow chart of RGB-D SLAM algorithm

1.3 RGB-D SLAM #REMM R

AL BEAT K - (University of Washington) FfJ Peter
Henry. Michael Krainin, Evan Herbst B & 2% % /R
(InteD) 3256 % i) Xiaofeng Ren, Dieter Fox™ 5 FL 32
T RGB-D #HHLAY SLAM 5%, Peter Henry %5 fifi
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3D-3D VB s X A7 e #E IF 3K XS N A A2 48 I
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SR IT I B T 0058 1 [ B A T 24 o A 24 A5 3 4
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8 [F] 3 5K 4% K 2% (University of Freiburg) 318
WLl 2 1 Nikolas Engelhard.Felix Endres 1 Ju-
rgen Hess FF & T —E & T F £ Kincet HILMHY
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Richard A. Newcombe.Andrew J. Davison 2B 4 ik
BT 3¢ Be (Microsoft Research) f4 Shahram Izadi,
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Kinect FAHL— A% B A% 11 58 A0 AL A9 £7 2 JF 44 2 26
B =4,

PEHE B2 i R 5% K 22 (University of Zaragoza)
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9 EE T REAE A SLAM 5535 Fl B #2 SLAM (Direct
SLAM) Bk . Jk TR AiF 25005 1 A1 iy » < A LU
BN N & SLAM 1 B3 7% . Eis iR X 6
AP R AU 2 AT R B R T R

FRAF 5 2 G 25 (Key Point) Al iR T (De-
scriptor) B FR A2 Al . S A5 JE 8 I A 4 7 BAR
LN A TR i R N I 1 N (RS
SRR O S TR R R WS B . W R A B2
BkA SIFTS! SURFHU AT ORBF 4

1999 4F British Columbia K2 i) David G. Lowe
B AEET BT AN R EOR (R AR A T L OF I
AR T — B T R 23 (8] 0 A 4 L TiE
L 25 5 AR e AR R R AR M A TG R R A A
F SIFT. X A& B AE 2004 4E 9N LL5g %S, SIFT
Bkad 25N ER, ELBME T EH KPR
e A SCHk 4], Peter Henry 258 Jf] SIFT
SVE XA AR T RGB BR HE 47 ReAF 42 S 4 348 1
PR TEE N R B s SR B T It RS T B A 1
R

SIFT 53k 7040 % 8 T IR AR el /2 v i B
O R RUBE e % A5 AR Ak fHR T R BE 2 K
FH AT M 1k 5 ) CPU I8 Jo 75 SE i Hu i 3 SIFT
FHIE, I . Herbert Bay S87E 2006 4E 42 T SURF
Bk, SURF &k rp R H A4 L I LAY Hessian
JE B A Haar /)N 728 4032 50k B2 i i () 280%, R
Haar /NI A8 $ 38 Jn& . 5 SIFT FEAFEAH H,
SURF 533k i 1] 52 2% FE A BT AR, IRl AE A RUBE i
W AN AR PE , HoAR X T SIFT 4R AF 1 85 vk 3 B 48 5
T 3~7 A SCHRLL5 1l S B SURF
X Kineet AR M RGB EIZ HE 1745 AF K
SRR P e S EE T SR MR EE IR Y 3D
FREAY

ORB &3 72 Ethan Rublee 7E ICCV 2011 |4
W A R G I A O I FAST
AR AR PR ) 3 o e {3 T8 0 57 R AIF (Binary Ro-
bust Independent Elementary Features, BRIEF)™" #§
W, FESCHERL25 1 AEFE L T SIFT.SURF #i
ORB 535 (P B8 - X 6] — i@ R 32 L2 1000 4> ¢
HE S % R L SIFT #EIT 24 5228. 7ms, SURF #E 2%
2 217. 3ms, 1 ORB WA T 15. 3ms. MM AT LLFE
1, ORB # W fE 34 SIFT Fl SURF % e jig s R
JEEASAR P (1 BE Al b R O DR R, SOk [23 ]
M, University of Zaragoza HJ Raul Mur-Artal i

Juan Domingo Tardos ¥ # T 3& T 8 HAHALKY ORB
FRAEAGI SLAM HE SR, JF A2 /N Y % P 34 455 Al
W AR 4 It ORB-SLAM 513k, 50 56 45 1
# U ORB-SLAM 75 AR L H AL AR B9 SLAM 57

HRE R BT, SCER[24 ], Raul Mur-Artal Fl
Juan Domingo Tardos B #t T JF A AY & % £ 8
ORB-SLAM2 53k . I 83 1 % X H Sz 4k A HL A1
RGB-D MHLAY S HF .
2.2 RimfLL

TR 40 U s — A5 T K2 9 T 28
Jr ik M 3T B AR (Graph Optimization) ™ ) J5 %
FEF IR UL AR 0 7 78BS FE Al S A A8 BLAY DL i A
%A ESIE B X ALA A B 67 217 e s Al i, 4R
S ) FOURIN A5 2% Bl gt AL 2 R b 18] 147 5 3 Ak
FUIWA SLAM J5 ¥ 22 5% U8 Uk 4% D0 Ak 38 % i FH 4
JBRIR 2 8P (Extended Kalman Filter, EKF) Fllki F
I, (Particle Filter, PR JgI %, HZE 21 tha B4,
BT EKF U8B a8 9 k98 didls 7 SLAM 1y £
Mz SCHRC40 32 iy e Ay 52 i SLAM R 58 2
£T EKF S8BT K1
9T vk EKE 8 A 00 R - 2 M Al i 22 Fi g

e i A RS BF T AT TR TR T B P AR
PEORAS Y A T . T R A 1 Al 26 A Ak T ik
AL N AL 2 5 Ak i BT e T B TS (Vertex) o 6
BLAS ANAL 2 (B 9 24 5, DL R A 8 55 00 0 4 (] 114 24
H G BT 1 (Edge) s TTHE SLAM [n] 8 6 S —
A Ta) R 5 ) ] B /) — 3 ik A7 5K i (&L 6)
M T SLAM [a] 230 Hh e ] b o e 5 AT B i 25 48, OF
148 TH S ML BOR R0 5 R i AR Ak L 1S IO AR T

U B
/’123‘ /‘\

T34, T56
If’T h()”']' \ i
T(2, n 1

| /

[EIE2N *4(9_"

o0
‘T(n—i n)

6 BERUTEER
Fig. 6 Graph Optimization

g20M I — AN T R 1 B A AR % L 2 H R R E
(49 ) v A Ak . 7T AR BB B 0 B B R B A A GN
(Gauss-Newton) . LM ( Levernberg-Marquardt)**
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#1 Dogleg(Powell’s dogleg) %, Ck[17]H Felix
Endres S5 F| 1] g2o0 fifb s XA B 17040, 15 3 4
Ja—E) =4, EE X FRTOEOHE YL i S0
N AUA TR 1Y B AT R E R,
1% 7 55 1T LA FL A RGB-D 346 56 i SLAM # L
BHME,
2.3 [EEIRE

(] A 000 198 G B AR 2 T R T R AT A% b )
AABLZE 3 [5] — A4 J7 DA Sy J o £ (48 T A &8 )
P2y o, T IE B R R E, B e R — 3

(Global Consistent) 7 Z4d 11 (E 7).
T12
o ®g. . ®
A T34 T56
(M2 2 - *
)

T2,n-1) 3
e )* T\(477

Tz ? \
TSI
/‘4{‘(1’1—2&1)‘ _ __:L_{___ _b/T67
‘T(n—/l,n)

7 EIFR&ENSMHRAL
Fig. 7 Loop Closing and Optimization

] PRSI — AT P AP 7 28 3 T AR T (Odometry
Based) ™ F1 3 T #h W ( Appearance Based)™™ f#,
FET BURRTE 0 [n] PR DU 38 2k X i AR AL A 7 B )
P UK B uh 11 B VA R Sl o R SR £
MRS R . (HE R T RBUER 22 A7 76 L K 0 AH HL =
B Z HIALE MR AR D AR, R, BRAR
PR K TG 4 A B 25 R0 ST AN LAY [l
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FE T ALY 1] B A I 22 4 P PSR AR AT 1 5 1%
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TR R A% Ty vk T S E A xR I
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SCHRL51 ] o ff B —Fh K-means §7 & K SR
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T SRR RK £ 2. 88T —)2: L2k
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REAE HEAT [0 20 46 00, B 3% 7 ORB R (1 1) 8
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3.1 RGB-D SLAM {i&t &

HH SLAM FR G ok i ok EUS AR BUR Z 1
TREE A 8, — B0 2 = A I i A0 O 3 Ak TR R IR
B, IFH BT R AL A RO AN # 2 VL B H SLAM
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A I 5 R B A B« AR FH 2 A AL ) T 4% 18 AR DG i
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THE ) 2t ) TR B A

RGB-D SLAM A HAH R Ak i . T RGB-D
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ok H A A% S K S A £ A B T L TR e Al
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WAGE . XF 135 WA i 4, RO OB e b
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FHHLE BE A 2500 e B B A 0. 5~ dm {1 X [a] N L fifi 75
RGB-D SLAM Joik I F #E = 4 K3 50, i F B
B2 MR, Ah, RGB-D SLAM & ¥k SE it iz 47 %F it
BT 5 2R B 8 R BE R B2 5 g i A OF
fl.
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