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A survey of visual SLAM in unmanned systems

LI Yun-tian', MU Rong-jun'’, SHAN Yong-zhi'-?

(1. School of Astronautics, Harbin Institute of Technology, Harbin 150001, China; 2. Aviation Ammunition Institute,
NORINCO Group, Harbin 150001, China)

Abstract: Visual simultaneous localization and mapping (vSLAM) plays a vital role in fully autonomous navigation
and perception of unmanned systems in unknown environment. Following a brief introduction to the history and typical
structure of VSLAM, a summary about state-of-the-art representatives, advantages and disadvantages of two front-end
pose estimation methods (feature based vs. photometric based) and two back-end optimization methods (nonlinear filter
vs. nonlinear optimization) is given. On this basis, relevant achievements of visual inertial SLAM (VI-SLAM) are
classified into different categories according to their coupled types and back-end optimization methods. Furthermore, the
similarities and differences of representative open-source vSLAM frameworks are compared and analyzed, alongside with
the comparison of their performance under public datasets. Finally, challenges faced by current vSLAM are elaborated
from the aspects of scenario generalization, advanced perception, dynamic adaptability and multi-sensor integration.
Future development trends and directions of vSLAM are also discussed to serve as an useful guide for researchers.
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MAV) Fl H 2l 3 A #L 2% A (automated guided vehicle,
AGV) MRER TN RG 2 H B E4b DT
REA I e ita 3y, N 3 s5e AR T Bl A 2 3008 3
% B IR A5 4 S A ) O A L R R
W AR BEIRENAR . G R R A R X
BB () 3 S B B AR R AR 3 A
PE, ZR TN RGAEGR Z IS0 (5 BRI W] SE 40 S 4
BhAE B IR (191 4 GPS . BB & 4t 46) M mi 4, HA X
WREE B B AR IS SEBL A 32 R AL AN BRI S Y

%% (micro aerial vehicle,

Weis B EA: 2019-08-11;
RIERET: BEEE.
VA IA/ES. E-mail: murjun@163.com.

{&[E HER: 2019-12-15.

B 45 52 fr 5 @ B3 R (simultaneous localization
and mapping, SLAM) IF 72 fiff ke b3 i) j 1) i ik U7 6.
SLAM$E R KR R 24, 14 T 2 S4B B (1986 ~ 2004
) IR HTY BE(2004 ~ 2015 4F) A& BN B B
(2015 4F ~)M3 /N B B B, 28 BB B T 90 B 00 7
AR SLAM H (RPAR A At v in) 2, v 30 Rt 2 T4
J& £ /R 5 B (extended Kalman filter, EKF). ik
/R 2 € (unscented Kalman filter, UKF) F1RL 8
(particle filter, PF) FI A7 % Al v+ 5032, 5Lk 70 B By i)
7 FE Z A T SLAM H (B DU | WSk — 2K
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PE RS in) . Bl BN I BRI AT E b 32 AR
T BLUR 3N TH:

1) 383 m N R R e RN 2 40 I8 AR R 4k
SLAM #4tPERE, 12 5 SLAM R Gt b1

2) EHAEA I JU AR 2 P ) B vy 2 ) S I R,
R BRIk A RE

3) K JEREMEIRYEAT 55 H br B shid JEAL R B
TG AL B TR AT 55 DK Bl e

MR BT A58 FH A% 12 48 AN ], SLAM 3= 2203 0k
SLAM F1#) % SLAM (visual SLAM, vSLAM) i K.
Bt SLAMIE D fig i AR L BORM 3y 258
3%, H AT 5H06 SLAMAH K A 78 A 25 1 B4 b T4
RSP GEE O /AL / il R A SLAM %57 1.
WO R AESSTE A ThFE. AR FRESS T H95 3
KIEFRE] 7 H0OESLAMAE /ML TN R4 ERINH,
PENY LG B = ) vSLAM J7 S8 8T N /AN E N R G
H 3 S5 B I

VvSLAM i %t X FRAL 38 BLFE 11 (visual odometry,
VO), T By F T B R AE A2 A6 IR e A 2 R B T
PG K AR A 0 BE v URR BLEVE) 2R, T 4
TR AN AL 4, 38 e A /N4 7 ot PR 2 T ) B A R
VR 72 SEIAL Al T, X P BE AR A B B 0 S
BTl A AR B v, 38 I e/ P i AR R A — 1R
AR AL R K B R 2 S AL Ak U, T SRR
vSLAM J& ¥t 75 1] 53 B A 28 P 98 i Fn A 28 PR AR AL
KRR, JEZE 8 7 12 T Markov B 1%, 7E 115 5%
T 52 IR BB T B 1 3 5 R B R ) B AR
AR 1 e A U 36 e A R AR AT 4 5 B bR A R
R 25 BRI A R B AL Al TF FE R S T A T~ B
E A2 M i 38 732 B v RO RS L

AR vSLAM O] 15 B2 5 IR 22K IEAE B T T B,
Al P AR I B o, (R O S8 (P ) midis Bl
N UUERG BT B R L A DAL 3 B A R AGA) SE [E A
SREAATI GV R o N RGAE S AL T 5L sh
R N 75 3K 5P I & BT (inertial measurement unit,
IMU) B A £ 55 % & 388 N AF o4 & A is

IMU 5 W05 A% S 35 A0 25 6 0 S 15 1 A5 SLAML & 42
(visual inertial SLAM, VI-SLAM) AJ 5 % $ % vSLAM
RGN R BT HLRE 0, W sR BN AL T &
BEE, & 24 BT vSLAM BIF 48 1 5 A 1) (2

ARSC TS AL BAG T Ja kA R A B
P Fib 25 5 T HY %, R vSLAM et 17 AR 1 & R BR
T DL B A 4. AE ok Al b, 8 A AT AR SR

U5 vSLAM AE ZE 1) 7 [7], 45 th A TF 3508 46 1 I M Re kT
L. RIS, 2 B MIZ A RE T R AR T B TE
IR 22 A% [ i B A 55 7 THIRE vSLAM i [81 s )
PR BEAT I IR, #R T vSLAM oK SR 1) & i #4434 Al
J7 1), N F IR 2%
1 vSLAM i34 REARBEFTIR
L1 $HEXvSLAM

ML ARFAE B RFAEASE I - (detector) FURFAE 4 T
(descriptor) I #7341 B, Bl 32 2 47 53 A il P45 1
KB R (keypoint), i & AR — a2 I8 0] A2 il O B A
b R AE S, T )5 SR AE VT T, 5 I R A
W2 R ris W% SIS RINRHIE, X RFAEXT
iR AR Y AR =N S XSSP s Apline =5 IV G 1BT
43 EMRAFAE (festures from accelerated segment test,
FAST)P!, JRBEAARRRAE A (scale invariant feature
transform, SIFT)™!, il & ¥ RFAE (speed-up robust
feature, SURF)'! g X 3% (¥ N T RFALE 28 8 A 2 VAL
FAST /& — Fl 2% T- SUSAN #5241y e gk A st Aar I 2%,
AT LR P AR A0 AL N 8 (I Yo A 355 M 7 e Oy UK.
9 R IX A, BT AT BB =
(difference of gaussian, DoG) HJ4F/E A Il F- — SIFT,
SIFT GG IR L ies% . R MLA S5 A0 s AN UK, B
C DR PR B M e, R 2 T R AR A R R T AR AR A, S
HR [5] 7 b A A5 A 5 Qe 2 A0 AR 43 S %
AR B oL, $2 T A R R R E R
4577 T A 38h— %5 i) SURF 592

AR AR R 7 2 T 86 7 M E T
(histogram of oriented gradient, HOG) 5 Ji, 75 £ #E
WAL 2 B UE S BT IR, M DL I S AL Calonder %5101 42
HH PR gk ) B M 57 T R AR AE 3R F (binary robust
independent elementary features, BRIEF) i isf 7 R§fiF
B I Bt AL e O T RSOXT, T R K R AR
i ) AT AR IR -, BROR B 1 R AE DT G
i, 5[] BF A 154 08 7 X RS e 75 S A BT
R, &1 XX — ) @, Leutenegger 257 $2 H 1 5 — M iE
SR ROBEANAZVE B 4 M 75 B M M B 5 1) BRIEF 14
HEAR —— — ) B AN A R S B £ (binary robusti
invariant scale keypoint, BRISK)"); Alahi £ )l 7£
BRISK ) 2 fifi |, 225 N\ SRAW WA JBE 1) 4 41 25 4, 4
78 0 A B PR R I O B A (fastretina
keypoint, FREAK) $fiid -1~ S AH R e i UL e 7%

Rublee %5 #& tH 1) ORB HFiE b5 & 5 FFAE 75 1)
KRR T — A I ). ORB RFAE4% 7K | FAST
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E RO AN 1, R K B8 0 O B2 B3 7 1 13 FRE T
AR, XA 15 ORB FHIE IR 2 AE T #  Jief% il
2 4 ARG O 3 B R ) s DS FE 5 DTG A%
K. FT ORBHHIE ¥ 1111 ORB-SLAM!Y 2 Bl A HFAE
% SLAM B it bR it 2 % HE 4L, 55 1 48 ORB-SLAM
Hi&E HF 5 H ##L, 2016 41 1 /1) ORB-SLAM2!!!
W33t — 25 37 F#5 X H A RGB-D.
1.2 E#EVSLAM

FARRFIETE H 7 5 48 4 vSLAM U o 1211 19 3=
WAL (EAT HA R WS BBV E ., X3

BERHIE EOR m AE B G, T2 B AN RGN R
't BE AT AR 1), T £ERR T BB O FEARES B 1R
FRAEM EIE H i 2 B2 A B T a2
THEHE 7, ER IR G 1 B 18] (R IR ) 5
VLSRR, XAREE T REEGAE . 1o, BEREN
S RFIEAS BB 2R, R 238 5P A WG A2 1L
HIVAT. A EE 4R R e Sk AL o A S A it
FLAE N AR 755K, B B S AR A 4 ml
st B, BN RS R 1 45t T RHIEE B BARA
(] LR s % L.

* 1 FHEESEEEMRSEER

ERR(RFS

JEREA7S

1) AN ZEAFANBEAT R AE UL T LA S B 1] ke 0060 2 5 Aoz

Gogs 2 XIFRHECN L HIBUBEG A (L i
3) AT SE LK L L3 3 s

1) R BB B4R T RIS, BB T F R v e i
2) RHEAE AR K, FT7E SRR 35 (K4 T A
3) T [ MO RR A - B 2

1) HFHEDCACRER 822, (o A SE R A
2) TEHEXT R UL LR AT 1

B ) e o A, PR R

1) MR R BRZ X 73 BE, e S B 2 [ 30

2) X137 FAALBUR, R E M TR EE W 2 3 il i

3) X EMEOE AU, T ZRRBANLEC S B B A RSN 5
TR IR

Newcombe &2 F- 2011 4EFE H T AN E A B
F% SLAM HE S8 —— %5 16 157 5 2 18] (dense tracking
and mapping, DTAM). H %8 DTAM 2 T B2 AH HL 5K
I, 8 G LR R FE A R B K 1 BB, H
DTAM A< £ & — M 5 B35, MK TH 75 2 v 1t Be ) 1
& 4k PR 5T (graphic processing unit, GPU) 4 Bl {37 1
flivh S B B, H AT R ETHL AR S5 SEI R AS
e A S A A T — S R

Engel 1131 T~ 2014 A2 42 th (1) KRB B 2 SLAM
(large-scale direct SLAM, LSD-SLAM) & - % B $2
R BORACER, T 2 B AT B R B B THE SLAM
HEZE. LSD-SLAM H ] B 586 FE I AU i A2 AL, i i
2 BRI FE AR AAN B I BR FE AT B ME DA T X
R S S W S v ST = i W o N R
GPU, E. #2181 F CPU BV nJ 58 Rc = %5 1 & #4 , 0K
FEFE LA T RHAE A2 B Y 75 oK.

£ LSD-SLAM [ 3 fitli I, Engel 5141 F- 2017 4E
MARH T M AR A I B % SLAM—— B i L
FE11 (direct sparse odometry, DSO). DSO #& + K%
K JE 5 B2 AR AL K BAR 2R s kAT A S 1 55 b B 4
a2, IRk U AR 5 0 B AR Ok R B AR 22 HEAT KL
IE. EARE A 52 T T B R IR AT R,
LA 1t ] g 2 AR R FH 7 THD ) 280 RATS SR AN BRAR
IS 2 4 9 —Fh VO, T HE 58 B 1) vSLAM R 4. e
B L1 7 — MR A Forster 55151 12014 47 4

H ) B A i BLFE T (semidirect visual odometry,
SVO). SVO B 455 T FAST Ay st I 2548 I el 45 17

(18 2 s AT AHALAL 2 B A5 T SVO e K AL 35 75
T2 B AL R S, SVO 1.0 12,0101 (it £ 48 5 87 R
A3 AR E T AP 100 WURTEEFS 400 . JR 46 ) SVO It
AN B v AR (R BRAS I 3 R, [RIRE R BEAE R VO
i . LiZE U A SVO it 1 38 F B i ) 5 o £
A [ Ao 0 RS, 33— 224 & T SVO & Y
5 H A —Fh 58 81 vSLAM R 4.

2 vSLAM 5 5 RBARBF FE IR
2.1 ETIELMIEKAI vSLAM

VSLAM ] 5 HA B 78 A1 K 22 6 4 22 A 1H AR AR
A 48 1 e K G 584k v i) A, AR D T8 e D e B A
(1) 3 BUAR R, L EKF AR R I AR 26 1 R /R 2 8 2%
(Kalman filter, KF) & 5% 5 B T L 5 1.

Davison %518 J-2007 £ 42 th 1t 7 E55 147
s B A ) vSLAM £ 49t ——Mono-SLAM. Mono-
SLAM J %y % T EKF SE 3, {H B T~ vSLAM I & Gi ik
BSPRHE S E i KR TS H, RGIRE S
2= [ IR ] 35 38 190, 4% 75 Mono-SLAM R i& i T #6657
R F S 3R 5. Howard!"! A Thrun 25200 ] 73 5 #F 98 7
PKF 7 SLAM " {8, J5 & B2 4 th 1 3 44 1) Fast-
SLAM #.7%. Fast-SLAM X H Rao-Blackwellized $ ¥
VBV AR AT AL LA TR, R 53— A EKF JE 8 4% 13F
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AT BEbR AL B A T 2B AE B TH R 2% FE 1 [ B
BARBIF RSN, ALY IR Bt — P Kk
T Fast-SLAM 2.0 53k, 5 BUIEZZ T Fast-SLAM H [
HE IR AL 7] L

22 ETIELMMILRI vSLAM

Markov fE 1% {1 75 i€ % vSLAM S A 7R 15 % IR
2 PREVBCA T B 5 N B R8N R, H
o RARGEZE B BR A R T AR, g, 2 T8
%1 vSLAM 503 75 BATAE RS = R E A h 7 2=,
1M vSLAM KPR & ih L & K E bR fUE B, X
JEWE SEE G FH I AE A 2 TR 2R 3, T B R K R
NP, ok A S R 7 R R T AR AR Y
VSLAM 5325 38 it AL A0 B A 6 2 i b i B B i
75 PR R BT A 57 28 R0 2% b 1 1) 4 J=) e DA o, EH
AL 2 AN A R RRAS RN AT UK, 72 R 45
THEE T B LhE ok Bk S O B, AR A B
151281 BN vSLAM i 3 AL B2 () 32 3. [, vSLAM
S i () AR 2 RO Ak ) BRI AL 28 W o B G RSP 223
(bundle adjustment, BA) 43 25 4LL, 2% -t H BA AR
f5.

[ 8 Bf 5 & & 5% (parall  tracking  and
mapping, PTAM) /2 =JF 28 1 ft tk 7£ vSLAM FF ) 2 1
%I 8. 1% B B Klein 25221 1 2007 4528 H 9E T
JE. PTAM H A IR ER 5 8 AN Hf AT 2o PREZ S A2
SERHE TN %, B B AR N S & AT e R
72 I ) 2 P, 9 5 AN ALE 06 LI 3R AT [R] 2. PTAM
[F]INF 51 N G ERMTHL R, gk 1 FE EEARAL I R L,
WOk 7 BE B SER . R PTAM B A ANE H T
Yoo BRERAS 5 25 R A5 I, (0 L AT IR X2 R 28 A
SEABATY R 24 T A 22 vSLAM FFJEAE 22 1 3 1H At

A, Di 52 5L 1 AT [E IR A 2D A1 3D &
58 &M T RGB-D M HLAI§ & BA 57Z%; Alismail
P& TR MO B R 2 L Gi BAHESE,
T AR 22 DA T g R A 't B8 3 2 M 1) O B BA JRLVE:
(photometric BA, PBA), ¥ i %1% 4t BA HiL AR T
2 HETE; Liu 2521 2 H i ICE-BA %7 (incremental,
consistent and efficient BA) ¥ 7 # EH AR, {15 1%E
RELE PRI [FI SRS FE RO AT T, SUHAEIE G BA 1/10 /2
paRiiRa = A7

BEJE W 9T AT 1B B = B BA In] /B ORI
Mgt (B Jacobian H6 B v A 4 A R A0 A0 AR B (156
N7 E A AR T T, HoR AL E I A E), el AT
Schur i 70K TE R AR A G AL, SEILBA R FE T R4
1) i SR A 21,

EIRME B T A BAE — B R T LR T ARGt
A B TH B AR AR B 2 2 AT I TRD 3 o, ke i o K 1)
PR AR e E B AT 25 S R A SR T R HME. BT B AR AR
{14 25 )7 BB A0 A AN 8 1Y), A W 9 3 57 BA R 7
T bR i AR A, R R B I Y T A P AR A,
BRI A7 % P (pose graph, PG). iX — 15 BLKE B by i AL &
U E N IE S I EI SRR 'S SN [ R )
BL. Deutsch %278 1| FH 22 Jm i Ar 48 kAT 42 =)
P B E, R T AR A S E ek 2 HLa e S
gt IR B2, AT S 30 22 LA A\ P13 [] SLAM ¥ 77723 Lee
S081 4 1 — Fh 3L T RGB-D 1% 8 28 F1 47 2 B A AL,
(1] SLAM £ 45, LA R EN AL X5 35 H AR HFR
] 8 Mu 5529 32 1 T — BT 0 AR S Sk A & L TT
[ T S 3% 37 S P A R AR A0 6, 7E 00 H GRS
AL 75 TR 3 I R A 1 1 .

Ty — AN G A A A B B (] PR 3 K 1 ik
12 B 4 Ry 1 10 T B AR Ak (factor  graph
optimization, FGO) &H.i%. A 1 B X — K & 1998 5 HJ)
L I O S — ol 3K i B K S B Ak 25 1 MR R IR AR
RS, B H 3 2008 4F 4 K Kaess 55 N T
vSLAM H BA [1) 38 1) SR fift; 12 141 BA S J5 I L AR
T EAMRAL S ISAMB FTSAM 2832 312012 4E &
i 7 E AR R T B S E GTSAMB. [Fl7 Kk
(1) B R 3AAE T3 SR e AEHT R & H I
BRYHG, Sk 5 HOCHR I N 7 B IS, RA 528 Ae
R 5 R DGR R AT SRR, AR R A
Az AR H AT R T B T SEELR R, R T H 5
G TR R i AR R AR A R SRR 2 1 A AR N B T
BT 7 AR B vSLAM Ji i W 52 o ME AR A
(K ok, 22 B 2 3 T BN AR AL I B vSLAM. &
S .

3 AL/ SLAMBAT IR

PR A2 75 X AR ATLAN IMU AR A5 3047 B & A5, VI-
SLAM 1] 43 FARE G F1 E AR & P . A&, AL
FTIMU 15 56 73 53l 6 B e 304745 1, B J5 fil A 3R 15 24
B 5 A8 A7 A7 1. Spaenlehauer 534 15 11 | — Fft &
T Kalman JEJ KA RS & 52 HAHAL/IMU SLAM & 4,
FIH IMU & 7 B85 4 B i 2 R R AIE 55 R B A
B AR T H SLAM F R AN 5 PE; Sirtkaya
S35V 5T 7 FI A Kalman €3 @& IMU 5 37 AR F HL
(A5 S, [R5 I 2 2 PR 22 S RO AT 4R
B 3E 177 Haochih OV BIE 7T 1 F H i 22 IR R 2K
SRV (error state Kalman filter, ESKF) Bl % /% 4t EKF
HEAT AR & VI-SSLAM W i1 1) 7515, 3 F Odroid XU4
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IRAIF RAACHAT 1 A0 IE.

5 #A M T, SRR A 0 B RS B A
P, BN VISSLAM ) 25 3t 25 #40. 15 )5 bify A 3
D7 T, SRARE G R 2 3 T IR EIE AL SR A BT
Ab 7E P8 % AR AL A7 B B, A R i 48 L 19 P8 Uk VI-
SLAM % 4, Mourikis 5507 £ 2007 4 $2 t 1) 2R &
£ 7R Kalman J£ 7 (multistate constrained Kalman filter,
MSCKF) & it 44 R B0A & 2 i 5 L
T HAH ¢ kB8, [k MSCKF 41, Huang 25140411 fijf
Ft 7 SLAM H I8 I8 — Bk inl 33, 42 T P A OR IR
EKF 2 VA 5 FA 4 45 B2 w7 18] 1) 450 T
WL £ 7R EKF(observability constrained EKF, OC-
EKF) F1 1 % Al oF 7 50 b %6 B EKF(first  estimates
Jacobian EKF, FEJ-EKF); Bloesch 251421 3 i3 K¢ [ 140
PR ZE A N EKF #5100 4 B8 B 130 fif o 7 1) 2K 1
5 I0R FE ST, BRAR AL R 2R YR R |
RO EHE, W42 1 T &4 VIO Hi% (Robust VIO,
ROVIO), # T 1% X EKF € i %% %} ROVIO # 1T T 14
HE, IF R & O G B E ALY R 2 2 B A P,
Schneider 2644 7E ROVIO ) 2 fith I, it — 2 % A
BRISK F FREAK § ik # #t FAST ffj i, FF K 7 —Fh
B A A B IR IE B A & VI-SLAM HESE Maplab.

T AL MR B A VI-SSLAM [ LRI ER
& Leutenegger 264§ i 1)) OKVIS. OKVIS 3K F 1 3]
& HTTEL AR R, B 1A S — e HE G

5. 24 HT R B U N B T, 2 1H ) 26 B i
BEHTI TU A B2 1 30 25 Ak AR AIE T RSS2
SEIN PR K. OK VIS 38 5 K H IMU Fil#R 43 77 V5 il
Yo7 IMU FIAR ML AS [ 25 1 1] .

7E OKVIS HEZE T, Qin &6 $¢ H T VINS-Mono
Rk IR kAT T B T F AL SR I SE (augmented
reality, AR) ] VINS-Mobile % & ] T 5 £ WL 5 4% Jik
#% 1) VINS-Fusion. 1X 3 F BEE SR 22 M) A —
TR E LT 43653

1) BG4k 3 ) S it vk R B 7 9 BB R AiE

2) AL K AIHLAL TF A7 22 5 IMU TR 43
RLZENE L, 58 BH B O B ) R ER R IR T )
A1 DL B8 R 2 AR (1 2 5

3) J i BA LA 5 T 30 T 11 BRI 0 Ae izt 1) 0%
WA I G AL, BRAIE R G TSR

4) [EIERFE I F T DBow?2 1] 43 F 52 31 [ PR AR,
TER B G 4 N B A A,

[l %] VI-SLAM iX — #1 IR ¥, 1% 48 vSLAM ] 81

FEHENARWAHRT, SEHE T & 8 HEEM VI
A4S, Forster 5161 F- 2016 4E & A7 f) SVO 2.0 B ik —
P HR T A B TH AR AL, R RE LT TR 2 R Ak B IMU
S, Ji5 vt U R FH iSAM 9% 52 30 BA fJi4k; Mur-Artal
ZET) R g8 1 A8 5 ORB - SLAM (visual  inertial
ORB-SLAM, VI-ORB SLAM) it — 5 5¢ 3 1 5 41
B GRS, K AL B RN S R T 2t AN
K. BARAZ IR T MEMS Jins f5 v 0 75 48 1, BT 75
THI TRV (— 1 TURD), AR T 52 i 2, (3 3
SEE I RIR ., S R H 8 A RE T AT A R M T VI-
SLAM HBIFF2 ) L.

4 JFEVSLAMAMELERS L3 #fr

LIt ) vSLAM 77 R B 218 EE R (H K25
HRAT VAL N EAS [ I vVSLAM HEZE T 06 AN [ )b
FA 5 SRBT AT B SRR o, R2 45 T H AT £
JFIE vSLAM HEZEZE AT 3 25 20 . WIia 4k 7 . [BI3F
o W &5 777 10 PR S [ AT DA B0 BT A A (micro
aerial vehicle, MAV) 1k IH /& H 8 vSLAM 1 3 H i A
Iz BN G e EE T, TP o SRR
HIUKS FE 1) 2% 18, FFAEVE 22 R F A RURFAIE, I 72 HE L0y
SE e AR LAZR | TH S REAE; B HE A BRI 4
—XH TBEME.

R ARV K 2 3 B T R 5 AR BE ) i (essential
matrix decomposition, EMD) #] 45 & i % - B #21%
1) SVO B F b H 3% 5 9 MAV A AL, 52 P 1f
RERH T 5 1 40 1 5 8 5 B 43 i (homogeneous
matrix decomposition, HMD); ORB-SLAM2 H! T & 4;
0 i, [F I SR ] EMD A1 HMD 35 B A7 28 9] 18,
T3 £ 9 3 R 22 B/ AT SRR A6 A6 AL % LSD-
SLAM. DSO %5 B35 T IF AN 55 2L T B LA
SRARALZE, 352K FH N 565 1 miA B A B A = [ 7 B
MU BE B 77 AT W1 a6 1k

T 1 A& 7F 4l M 5 SLAM iE & VI-SLAM H1, J7j
&8 BA (local BA,LBA) Al 47 & E 1k (pose  graph
optimization, PGO) &5 | £ V£ A A4 5 14T 2 Ji5 i A1 4k
() FE L, AE e U8 I ) 32 22 B TR % VI-SLAM
WL b A, Al RS Y SVO A T 2 v Sz B, i
B e A, AR A 7 8] 55K B 45 44 BA (struct only
BA, SoBA), VI-SVO Il it — & B Fif PGO fIt Ak, & H #if
NEAZ BRI+ B vSLAM AE L.

LB Bt K H 7 vSLAM 9 H 9 7E T S2 B N &
G E SRS E AL T R T R IR,
45 R 5 vSLAM K A T LA FE 2 b ] (metric
map) F14f #3h B (topological map). - HL #2141 SVO
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=2 REMIFEVSLAMAES S S R4

HR HAREANT & BimdeT st Yiaate s JEumseng  HhPIZETY BRAR 4G TF dbRehr SR 5E BRI 3757 3
ORB-SLAM2  RyEW] ¥ FAST HEI\:/I]]); LBA&PGO I%Lg; fi{ﬂa WA DBow2 A
et b9 o e . BRI By T3l .

SVO MAV  REEZE BHEME HMD  LBA&SoBA  JUT - it 7x S

DSO AL HRE BEWE BEIRE LBA JUfT ﬂﬂ?ﬁ " XFRGEmM iy

. ; . e . R X FREHL .

LSD-SLAM RIEH HEE BEBE HHLIRE PGO JUfT WP ceaeny  TepMap S

S-MSCKF MAV VL Harris EMD EKF JUfeT :q]’ﬁ‘ﬁ;]{ 7 x S
. e

Srevio®  MAVREE LT EMD EKE Um0k kB

ROVIO RIEH] FFfEi%:  Harris EMD EKF JUf j”%ﬁi " ¥ ¥ ES

OKVIS FTANF - Rk Harris EMD PGO JUf j”%? " *x x ES

VR arris . i X i -

VINS MAV HEY:  Harris EMD PGO JUfT =1L Seqpyy  DBOW2 (R
G i

VI-ORB MAV [ FAST };TE“ LBA&PGO I;L@?; j’ﬁﬁk WISIHA DBow2 A

e b e . REE XL e

VI-SVO MAV SRR BHEEE EMD  LBA&FGO  JUfT - S x S

VI-DSO™! RIEW HEEE BEWE HEHRE LBA JUf ﬂﬁgﬁ " XFRIEm s

AT R E AR T AR AU B A B,
LSD-SLAM T 24 i Az 2 5% b — 1 Fry 0 60 B A 551
A7 B AT 38 HE; DSO W B IR 5% B it 2 S I [ s P
AN TINHT R B b L, B i R FH Dt i) F 43 AR
T 6 b i ASr BB AT P A, R AE V6 % A 5 PR A
FEAHRIE T B LArT o ) = £ A4 SEE A

ORB-SLAM2 #1 VI-ORB 3% T JF J§ i 4% &
DBoW2 511 1 i A7 248 P S R [E B A I 2447 VINS
FEIX — FAR R At b, SR FH B DAy 7 5 P 0o 5 e e D
i S8 I ST T A7 5L B A7 25 B2, LSD-SLAM £
S FH 57— Fh T I8 17 48 22 FabMap 1] 5] I, BL B 5% 42
e 1 P e ) i LG Bt LR AT A7 2P 2 ; SVO .. DS O,
VI-SVO 1 VI-DSO H T R 72 B A2 11 kit A ) vSLAM,

BT 55 fo AT DK B ot S Ik LA S 3L 2R 0 i e B ) PR
PR TR NHE A B 2, JUF BT 2480 1 JF 5
VSLAM #B R SCRFFRAS PR

F3EALm) MR 4L m)#E— P45 H Tk
iR IF Y5 vSLAM HE ZE £ EuRoC MAV A I $ 4 4 F
[ 34 77 H 5% 2 (root mean squared error, RMSE) X Et
(R R R MR 2, x FoR IR E T KB
F). Z AR S 4L 38355, 1 AU 7 40, s 7
F bR 58K, 35 (0 sh A bk, 51 2L A PR A
PRI 5, A EE VI-SLAM, 2040 5 SLAM TE 5% 51 45 PR 855
THEEERZE, SEIEBHBL T AREERER,
Horp LLLSD-SLAM f5c A4 B 35 4 I, 5 1 R 1) 340
F 51 (MH_01_easy A1MH_02_easy) 11, ORB-SLAM2.

IR BIFRAG INIA T, A 7y

K TR 5 H5 30E t

DSO S5 4 A1 5t SLAM B A 5 iy F AL 444 15 2, T

% 3 EuRoC T VI-SLAM FFiEHEZE RMSE XLt

FHIETE

B R S AL b ALk v AR A, e
MSCKF StructVIO ROVIO OKVIS VINS VI-ORB VI-DSO VI-SVO
MH_01 0.227 0.079 0.236 0.321 0.113 0.075 0.062 0.100
MH_02 0.231 0.145 0.247 0.318 0.126 0.084 0.054 0.120
MH_03 0.201 0.103 0.427 0.272 0.124 0.087 0.117 0.410
MH_04 0.351 0.130 1.170 0.406 0.220 0.217 0.132 0.430
MH_05 0.213 0.182 0.863 0.447 0.200 0.082 0.121 0.300
VR1_01 0.062 0.060 0.216 0.140 0.068 0.027 0.059 0.070
VR1_02 0.161 0.130 0.210 0.159 0.076 0.028 0.067 0.210
VR1_03 0.281 0.090 0.381 0.224 0.154 0.074 0.096 0.200
VR2_01 0.074 0.045 0.298 0.143 0.073 0.032 0.040 0.110
VR2_02 0.152 0.066 0.232 0.196 0.141 0.041 0.062 0.110
VR2_03 0.366 0.110 0.263 0.280 0.109 0.074 0.174 1.080
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%4 EuRoC T4i#l 5% SLAM FFEHESE RMSE XfLE

" - FFIETE RERERES
e TR
ORB-SLAM2 SVO DSO LSD
MH_01_easy 0.036 0.054 0.179 0.050  0.180
MH_02_easy 0.019 0.056 0270 0.050  0.560

MH_03_medium 0.024 0.033 0420 0260  2.690
MH_04_difficult 0.184  0.072 1.000 0240  2.130
MH_05_difficult 0.176 ~ 0.053  0.600 0.150  0.850

VRI1_01_easy 0.037 0.047 0.220 0470 1.240
VR1_02_medium 0.028 0.043 0.350  0.100 1.110
VR1_03_difficult X 0.187 X X X
VR2_01_easy 0.032 0.038 0.260  0.050 X
VR2_02_medium 0.034 X 0.400  0.190 X
VR2_03_difficult X X X X X

VI-SLAM 5z IMU &l B 75 1) 5 i A dh — . [A)A:, A
VI-DSO AR 1) B 8 1L TR 1 9P Fa 1 58 7 51
rh HL A A RS R, At B8CHE 1 0 e AN B
ORB-SLAM?2 11 VI-ORB AR5 17 1iE 72 vSLAM &
FE 5. [, BT EuRoC £ 4 4 15 2 A 55 2 1) [
#Riz 5, ORB-SLAM. VI-ORB. VINS % H.45 [0] ¥f

K60 1) 52 4 vSLAM £ G 22 At 4 2 75 HE OK VIS

StructVIO 25 HLFE i HiR A vSLAM ¥ 5.

5 vSLAMIH I HI Bk 5138
51 mtSENE

VSLAM H ) 3l 25 3 S A4 60,465 9 77 1 — 2 AE
B w8 Bl s A HLE) K TH B SE I AERA A 24
i vh, B 5 A& R R RE RS TEXT BT R 3l s
VAR EAT AR S BRI R 1Y) [R] I S IR B 1 A
flith, B PREE s #3E M. B vSLAM £ 5 T[] & i
FIFCHIE GEARPL BT, 1 A B X PR IR B A
MR HLKIZ B SR 2 LSRR, 5 32538 M
PEACZE. [F]IN, AT vSLAM 2 26 T i as th SR, T
AR AR RS 2 AR, X AR KA EEK T
VSLAM 8 & B 1E B

AN A& 3B = AL 5 A% K 4% (dynamic  active-
pixel vision image sensor, DAVIS) 153 2 iy I %
1% &% 2% (asynchronous time-based image sensor, ATIS)
AR S AR LA B A% SEAHBLRAG BE /N B I ) S
B (A EARM RN (K 1 MHz). 58
ZNASVEH (140 dB) AR I TIFE (20 mW) MR /)N [ 47
i 2 1) LR g R 3 — il 8 ) A RO AR, Bl 8
T A ARAL B AEAS I 0N AR A 5 LA 1
D' JEE g P2 85 75 T T 70 R TR . U4k, S AL
SEARMMT 1 Sl A, RS AL F IR Re S am A an %
AL, TR A 2Rl S A G S AR AL LSk
452 vSLAM [HAH AT 58 H 35,

52 ZKEED

— AN 5EEN vSLAM RGN B A R IF 13 5
TGz A BE 7, T BT vSLAM 15 /¢ 5 e B F 37 5 A
N6 5, /N RIS T2 5, R 3 R G4 1, #1752t
AT R ER VR, X TCsE 2 MR &= 1 TAE =, FHAS T
VSLAM P 7= di k. Bl 35 % B2 5 S AE T LA
SR IZ B AR — M) PR SR 32
5 MR 7 N ERAN TR e,
e vSLAM H ) A5 15 (AR RS2 B, VR FE Ak 11 il
[ B AG T R PRA I 45) W] A5 R0 3 vSLAM 7E A
[ 5k~ 6 N Rz AR

Xiang 2504 3L T HE B2 M B 5 4 1 2% (stacked
denoising auto-encoder, SDA) Wit 7 —Ff o M 24 3]
(%) [ BRI 7 2%, RS DA 2 55 4% G2 7 V51 Li 45155
BT 7 — Pl [RIEAl TH 7S B EH AL 2R 2 )R FE 1
T W B 2 3 M 4% UnDeep, 7€ KITTI H 4l 42 N B/ T
A Nl B AL Ak U1K B2 Bloesch 250561 $2 Y [ —Ff
K HH B B2t 25 U1 25 10 2 (8] SR FE A v 7%, 97 LAtk
NEEAEIT R T 4 1) CodeSLAM.
53 SRBFEE

WA vSLAM F 4t K 2 56 T fi 51 1) B 58 J L AT I
) g 5 PRl B I 3 — S IR VR PR A7 A
ZE[E] SRS EZLNT R, 52 T g R K&
ARG B AL TN RGAE FNUE A7 ASE, M DL S
FAUNZER B = e R PR BB . W[ £ 2 = vSLAM
H 25 8 7 R B R B4 1 1 R B, 5 B A2 K ) 1
S5 KRR () T, S B v R ) AN HLAS LRI B 3 2
VSLAM AR T 73— AL, 1 S VSLAM BEZ 11
A

18 X vSLAM [AH SCHIE FT R KB 9 vSLAM
A BhE SCRNAE SUH B vSLAM W5 K38, 7 & AR N iE
N, K2 T8 R AR 4 (convolutional neural
networks, CNNs) 82 ¥l Tateno ZE571HJF 7% 7 2+ CNNs
()5 HAHMLIR BE Ak 1057, FHEAE b LAl E R FH BE AL
FE R BExt st H bR idEAT 7 53 #); McCormac F50581
BT CNNsH K [ Refih & 18 32 200 % FE s 1 & A 2D
18 SCHE B, 35T A4 2 3D 1B i B Y SemanticFusion,
B 5E T ShAMEE T I B AR R AEE 7, Ma 26501 it
i T %ET FuseNet-CNN 1) RGB-D iff X & ¥ J7 2, 8
ot B 2 AR A I AR A TV, KRR 1 S AL Af
T R AN E A

FHER T 4n K 25 1 18 SO B, v U4 B vSLAM
[ AH DB FTAT b T 2 25 i B Civera 85190 1 2 254
BT HAR R AL B HAE L SLAM J772:; Bowman
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SEI61 B T 5 K M 22 57 (expectation  maximization,
EM) i 78 1185 XAZ B AL sUAr B 2 18] (1 508 S B
T3 vk, BT RAE UE BIANE B R Z AL 2 H Al
T Ui B vSLAM 5 T B B A AR PR R 78 1 Ak
fili b, Lianos %502 $2 tH 7 — 5] N3l SUfE BAE A
HZ AR AL e BLFR T, i3 — 2P b T vSLAM K
R b ) BRSPS R 22, Yu 5103 44 3 BB o 1145
HI28) — SRS &, 325 T vSLAM 7E 8 A& 30
BE .

54 HIERRSFERK

SHAR B VSLAM FERE 5 | 45 11 25 TH) £ 3 7 wf
DLl R TEN RS R B0 A4S SRS K77 5K, LA VI-SSLAM
N 2 AL BB Al & vSLAM % N vSLAM HF 53 1)
—ANEE I H AT 2 A% B vSLAM (18 i B 8
RN B, B = A A K. IX TEFRAS vSLAM R4t
NIRRT [T B, 5 75 %A B ) B A 2 2 TR R = A
SR P s 1) R0 25 R 2 [ [R) 25, 18 5 | RS 48 K A 22 Ak 1
T2, AR RGO T SE 1. R0, BF 8 s RUPT SE 1 2 4%
JRERGE TT V25, TT R A R 7= i, X T vSLAM 1)
KPR J BAT B
6 &

TERTENZR G H 3 S5 B0 1 5 20 i 4y,
VvSLAM £ R H §i 1E &b T3 5 & i . TR
T i T (8] 7 2 ik TH 4K TH A& 24 /T vSLAM [ £ 3, (5
DSO. LSD-SLAM %5 5% (¥ T tH 75 b & 55 B AT

G PR A F) SE PR, A SVO RARER . s =ik
P B Z BT oo R T B
A EE B B v JE TR B A 2 EITE 5 o 4 = e AL R 1
G vA B AL, {5 BE 35 AH 5C VR AN ITIEARED (1) 38 K, Kok
S B 2 5L T R AR A 1) TR SLAM R ST
T BTG AR B SRR 2 PR, B & VISSLAM
TV vSLAM HEAS o] B SR (1) L2 B 43 Rl LA T
DA SR Y5 SLAM AE B8 #0K 78 K A B A1 (1 5 H 4k
WA G, 33— 2B JF & % B A VIR, 5 4l 5
VSLAM AN A, VI-SLAM H A28 P 98 i AR £ PR AL
TETME 2 5, AR 3% 50 A A 1 ik
#.

REZLJLHERIWF T, vSLAM TEAL A1 Hb
Ty e 55 77 T D s ol 328, A AR SIE i D77 T IR AR T
AN ) R SR BT Bh 2538 B 1 V2 AL RE 7T e R
RE 700 2 A% SR8 B AL 55 5 THIAZTE VT 22 BRAR, (i AR
TN RS S] . 18 S vSLAM &5 SR 5T 1)
ST ). HET AR AR AL A oG B A E iR SR A
FIRE, A 28 i N 4k RGB-D AEALfG X — B H T vSLAM

HH ) TR A R 1 D N TR R A e L T
JIB T TT M 2 — IR S R E 2, B 522
RE 7 AR RFAE SR B[R] BRAS I &5 07 T KT R .
N vSLAM H1, vSLAM i Bh i SCa B AR ¢ TAE B
AR L5 LS GE A 038 SR P 22 AN K, TR
() AT V25 %2, IR B ME T 78 R B N 8, T S
i ) vSLAM A 72 58 58 A dh— & R B TS X
VSLAM HJAH A 78 i AN 58 35, (EAF DR e 21 70
FIT M2, KRN 2 5 2 (1 B T SR AU
AE SR TH]

22 3 Hk (References)

[1] Cadena C, Carlone L, Carrillo H, et al. Past, present,
and future of simultaneous localization and mapping:
Toward the robust-perception age[J]. IEEE Transactions
on Robotics, 2016, 32(6): 1309-1332.

[2] GuilJ, Gu D, Wang S, et al. A review of visual inertial
odometry from filtering and optimisation perspectives[J].
Advanced Robotics, 2015, 29(20): 1289-1301.

[31 Rosten E, Drummond T. Machine learning for high-speed
corner detection[C]. European Conference on Computer
Vision. Graz: Austria: Springer, 2006: 430-443.

[4] LoweD G. Distinctive image features from scale-invariant
keypoints[J]. International Journal of Computer Vision,
2004, 60(2): 91-110.

[5] BayH, Tuytelaars T, Van Gool L. Surf: Speeded up robust
features[C]. European Conference on Computer Vision.
Graz: Springer, 2006: 404-417.

[6] Calonder M, Lepetit V, Strecha C, et al. Brief: Binary
robust independent elementary features[C]. European
Conference on Computer Vision. Crete: Springer, 2010:
778-792.

[71 Leutenegger S, Chli M, Siegwart R. Brisk: Binary
robustinvariant scalable keypoints[C]. 2011 IEEE
International Conference on Computer Vision (ICCV).
Barcelona: IEEE, 2011: 2548-2555.

[8] Alahi A, Ortiz R, Vandergheynst P. Freak: Fast retina
keypoint[C]. 2012 IEEE Conference on Computer Vision
and Pattern Recognition. Providence: IEEE, 2012:
510-517.

[91 Rublee E, Rabaud V, Konolige K, et al. Orb: An efficient
alternative to sift or surf[C]. 2011 IEEE International
Conference on Computer Vision (ICCV). Barcelona:
Citeseer, 2011: 2564-2571.

[10] Mur-Artal R, Montiel J M M, Tardos J D. Orb-slam: A
versatile and accurate monocular slam system[J]. IEEE
Transactions on Robotics, 2015, 31(5): 1147-1163.

[11] Mur-Artal R, Tardés J D. Orb-slam2: An open-source
slam system for monocular, stereo, and rgb-d cameras[J].
IEEE Transactions on Robotics, 2017, 33(5): 1255-1262.

[12] Newcombe R A, Lovegrove S J, Davison A J. Dtam:
Dense tracking and mapping in real-time[C]. 2011
International Conference on Computer Vision. Zurich:



F3H

FER F: RAFRAIE SLAM BAR K& I 5 47

521

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

(22]

(23]

[24]

[25]

[26]

[27]

IEEE, 2011: 2320-2327.

Engel J, Schops T, Cremers D. Lsd-slam: Large-scale
direct monocular slam[C]. European Conference on
Computer Vision. Zurich: Springer, 2014: 834-849.
Engel J, Koltun V, Cremers D. Direct sparse odometry|[J].
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2017, 40(3): 611-625.

Forster C, Pizzoli M, Scaramuzza D. Svo: Fast
semi-direct monocular visual odometry[C]. 2014
IEEE International Conference on Robotics and

Automation (ICRA). Miami: IEEE, 2014: 15-22.
Forster C, Zhang Z, Gassner M, et al. Svo: Semidirect
visual odometry for monocular and multicamera
systems[J]. IEEE Transactions on Robotics, 2016, 33(2):
249-265.

Li S P, Zhang T, Gao X, et al. Semi-direct monocular
visual and visual-inertial slam with loop closure
detection[J]. Robotics and Autonomous Systems, 2019,
112: 201-210.

Davison A J, Reid I D, Molton N D, et al. Monoslam:
Real-time single camera slam[J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2007, 29(6):
1052-1067.

Howard A. Multi-robot simultaneous localization and
mapping using particle filters[J]. The International
Journal of Robotics Research, 2006, 25(12): 1243-1256.
Thrun S, Montemerlo M, Koller D, et al. Fastslam:
An efficient solution to the simultaneous localization
and mapping problem with unknown data association[J].
Journal of Machine Learning Research, 2004, 4(3):
380-407.

Ali S S, Hammad A, Eldien A S T. Fastslam 2.0 tracking
and mapping as a cloud robotics service[J]. Computers &
Electrical Engineering, 2018, 69: 412-421.

Klein G, Murray D. Parallel tracking and mapping
for small ar workspaces[C]. Proceedings of the 6th
IEEE and ACM International Symposium on Mixed and
Augmented Reality. Nara: IEEE, 2007: 1-10.
DiK,Zhao Q, Wan W, et al. Rgb-d slam based on extended
bundle adjustment with 2d and 3d information[J].
Sensors, 2016, 16(8): 1285-1300.

Alismail H, Browning B, Lucey S. Photometric bundle
adjustment for vision-based slam[C]. Asian Conference
on Computer Vision. Taipei: Springer, 2016: 324-341.
Liu H, Chen M, Zhang G, et al. Ice-ba: Incremental,
bundle
Proceedings

consistent and efficient adjustment  for
slam[C]. of the IEEE
Conference on Computer Vision and Pattern Recognition.
Salt Lake City: IEEE, 2018: 1974-1982.

Sibley G, Mantthies L, Sukhatme G. Sliding window filter
with application to planetary landing[J]. Journal of Field
Robotics, 2010, 27(5): 587-608.

Deutsch 1,

for multi-robot pose graph

visual-inertial

Liu M, Siegwart R. A framework
slam[C]. 2016 IEEE
International Conference on Real-time Computing and

(28]

[29]

(30]

(31]

(32]

(33]

(34]

(35]

[36]

(37]

(38]

(39]

[40]

[41]

Robotics (RCAR). Angkor Wat: IEEE, 2016: 567-572.
Lee D, Myung H. Solution to the slam problem in low
dynamic environments using a pose graph and an rgb-d
sensor[J]. Sensors, 2014, 14(7): 12467-12496.

Mu B, Liu S Y, Paull L, et al. Slam with objects
using a nonparametric pose graph[C]. 2016 IEEE/RSJ
International Conference on Intelligent Robots and
Systems (IROS). Daejeon: IEEE, 2016: 4602-4609.
Frey B J, Kschischang F R, Loeliger H A, et al. Factor
graphs and algorithms[C]. Proceedings of the Annual
Allerton Conference on Communication Control and
Computing. Illinois: Citeseer, 1997: 666-680.

Kaess M, Ranganathan A, Dellaert F. I[sam: Incremental
smoothing and mapping[J]. IEEE Transactions on
Robotics, 2008, 24(6): 1365-1378.

Kaess M, Johannsson H, Roberts R, et al. Isam
2: Incremental smoothing and mapping with fluid
relinearization and incremental variable reordering[C].
2011 IEEE International Conference on Robotics and
Automation. Shanghai: IEEE, 2011: 3281-3288.
Dellaert F. Factor graphs and gtsam: A hands-on
introduction[Z]. Atalantic:
Technology, 2012.
Spaenlehauer A, Frémont V, ekerciolu Y A, et al. A

Georgia Institute of

loosely-coupled approach for metric scale estimation
in monocular vision-inertial systems[C]. 2017 IEEE
International Conference on Multisensor Fusion and
Integration for Intelligent Systems (MFI). Daegu: IEEE,
2017: 137-143.

Sirtkaya S, Seymen B, Alatan A A. Loosely coupled
kalman filtering for fusion of visual odometry and inertial
navigation[C]. Proceedings of the 16th International
Conference on Information Fusion. Istanbul: IEEE, 2013:
219-226.

Haochih Lin F. Loosely coupled stereo inertial odometry
on low-cost system[C]. International Micro Air Vehicle
Conference and Flight Competition IMAV). Toulouse:
IEEE, 2017: 143-148.

Mourikis A 1,
constraintkalman

S L
vision-aided

Roumeliotis A multi-state
filter for

navigation[C]. Proceedings 2007 IEEE International

inertial

Conference on Robotics and Automation. Roma: IEEE,
2007: 3565-3572.

Sun K, Mohta K, Pfrommer B, et al. Robust stereo visual
inertial odometry for fast autonomous flight[J]. IEEE
Robotics and Automation Letters, 2018, 3(2): 965-972.
Ramezani M, Khoshelham K. Vehicle positioning in
gnss-deprived urban areas by stereo visual-inertial
odometry[J]. IEEE Transactions on Intelligent Vehicles,
2018, 3(2): 208-217.

Huang G P, Mourikis A 1, S L
Observability-based rules for designing consistent ekf

Roumeliotis

slam estimators[J]. The International Journal of Robotics
Research, 2010, 29(5): 502-528.
Huang G P, Mourikis A I,

Roumeliotis S I



522

*

R %£36%

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

[51]

[52]

[53]

[54]

A first-estimates jacobian ekf for improving slam
consistency[M]. Berlin: Springer, 2009: 373-382.
Bloesch M, Omari S, Hutter M, et al. Robust visual inertial
odometry using a direct ekf-based approach[C]. 2015
IEEE/RS]J International Conference on Intelligent Robots
and Systems (IROS). Hamburg: IEEE, 2015: 298-304.
Bloesch M, Burri M, Omari S, et al. Iterated extended
kalman filter based visual-inertial odometry using direct
photometric feedback[J]. The International Journal of
Robotics Research, 2017, 36(10): 1053-1072.

Schneider T, Dymczyk M, Fehr M, et al. Maplab: Anopen
framework for research in visual-inertial mapping and
localization[J]. IEEE Robotics and Automation Letters,
2018, 3(3): 1418-1425.

Leutenegger S, Lynen S, Bosse M, et al. Keyframe-based
visual-inertial odometry using nonlinear optimization[J].
The International Journal of Robotics Research, 2015,
34(3): 314-334.

Qin T, Li P, Shen S. Vins-mono: A robust and
versatile monocular visual-inertial state estimator[J].
IEEE Transactions on Robotics, 2018, 34(4): 1004-1020.
Mur-Artal R, Tardés J D. Visual-inertial monocular
slam with map reuse[J]. IEEE Robotics and Automation
Letters, 2017, 2(2): 796-803.

Zou D, Wu Y, Pei L, et al. Structvio: Visual-inertial
odometry with structural regularity of man-made
environments[J]. IEEE Transactions on Robotics, 2019,
35(4): 999-1013.

Von Stumberg L, Usenko V, Cremers D. Direct
sparse  visual-inertial odometry using dynamic
marginalization[C]. 2018 IEEE International Conference
on Robotics and Automation (ICRA). Brisbane: IEEE,
2018: 2510-2517.

Vasco V, Glover A, Bartolozzi C. Fast event-based harris
corner detection exploiting the advantages of event-driven
cameras[C]. IEEE/RSJ International Conference on
Intelligent Robots & Systems. Stockholm: IEEE, 2016:
9-14.

Elias M, Guillermo G, Henri R, et al. Continuous-time
visual-inertial odometry for event cameras[J]. IEEE
Transactions on Robotics, 2017, 99: 1-16.

Gallego G, Lund J E, Mueggler E, et al. Event-based,
6-dof camera tracking from photometric depth maps[J].
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2017, 40(10): 2402-2412.

Vidal A R, Rebecq H, Horstschaefer T, et al. Ultimate
slam combining events, images, and imu for robust visual
slam in hdr and high-speed scenarios[J]. IEEE Robotics
& Automation Letters, 2018, 3(2): 994-1001.

Xiang G, Tao Z. Unsupervised learning to detect loops
using deep neural networks for visual slam system[J].
Autonomous Robots, 2017, 41(1): 1-18.

[55]

[56]

[57]

(58]

[59]

(60]

[61]

[62]

[63]

Li R, Wang S, Long Z, et al. Undeepvo: Monocular
visual odometry through unsupervised deep learning[C].
2018 IEEE International Conference on Robotics and
Automation (ICRA). Brisbane: IEEE, 2018: 7286-7291.
Bloesch M, Czarnowski J, Clark R, et al. Codeslam—
Learning a compact, optimisable representation for dense
visual slam[C]. Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Salt Lake City:
IEEE, 2018: 2560-2568.

Tateno K, Tombari F, Laina I, et al. Cnn-slam: Real-time
dense monocular slam with learned depth prediction[C].
Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. Honolulu: IEEE, 2017:
6243-6252.

McCormac J, Handa A, Davison A, et al. Semanticfusion:
Dense 3d semantic mapping with convolutional neural
networks[C]. 2017 IEEE International Conference on
Robotics and Automation (ICRA). Singapore: IEEE,
2017: 4628-4635.

Ma L, Stiickler J, Kerl C, et al. Multi-view deep learning
for consistent semantic mapping with rgb-d cameras[C].
2017 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS). Vancouver: IEEE, 2017:
598-605.

Civera J, calvez-Lopez D, Riazuelo L, et al. Towards
semantic slam using a monocular[C]. 2011 IEEE/RSJ
International Conference on Intelliligent Robots and
Systems. San Francisco: IEEE, 2011: 1277-1284.
Bowman S L, Atanasov N, Daniilidis K,
Probabilistic data association for semantic slam[C].
2017 IEEE International Conference on Robotics
IEEE, 2017:

et al.

and Automation (ICRA). Singapore:
1722-1729.

Lianos K N, Schonberger J L, Pollefeys M, et al. Vso:
Visual semantic odometry[C]. European Conference on
Computer Vision (ECCV). Munich: Springer, 2018:
234-250.

Yu C, Liu Z, Liu X J, et al. Ds-slam: A semantic
visual slam towards dynamic environments[C]. 2018
IEEE/RS]J International Conference on Intelligent Robots
and Systems (IROS). Madrid: IEEE, 2018: 1168-1174.

&N

BRRA991-), 5, WA, WFBIE AT 30

8 4T, E-mail: yuntianlee91@hotmail.com;

BT (1967-), 5, #%, WL T, W rad

HNE B ESH. TS RGN DR IR 5 M

ZERF 91, E-mail: murjun@163.com;

FKE (1970-), 55, ik AR, 1 LA i, gt

ARG R 7, E-mail: zhiyong0451 @sina.com.

(FHE%miE: ARREE)



