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Abstract: Monocular visual-inertial simultaneous localization and mapping (VI-SLAM) is an important research topic in
computer vision and robotics. It aims to estimate the pose (i. e. , the position and orientation) of the device in real-time
using a monocular camera with an inertial sensor while constructing the map of the environment. With the rapid develop-
ment of various fields, such as augmented/virtual reality (AR/VR) , robotics, and autonomous driving, monocular VI-
SLAM has received widespread attention due to its advantages, including low hardware cost and no requirement for an
external environment setup, among others. Over the past decade or so, monocular VI-SLLAM has made significant progress
and spawned many excellent methods and systems. However, because of the complexity of real-world scenarios, different
methods have also shown distinct limitations. Although some works have reviewed and evaluated VI-SLAM methods, most
of them only focus on classic methods, which cannot fully reflect the latest development status of VI-SLAM technology.
Based on optimization type, VI-SLAM can be divided into filtering- and optimization-based methods. Filtering-based meth-

ods use filters to fuse observations from visual and inertial sensors, continuously updating the device’s state information for
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localization and mapping. Additionally, depending on whether visual data association (or feature matching) is performed
separately, existing methods can be divided into indirect methods (or feature-based methods) and direct methods. Further-
more, with the development and widespread application of deep learning technology , researchers have started to incorpo-
rate deep learning methods into VI-SLAM to enhance robustness in extreme conditions or perform dense reconstruction.
This paper first elaborates on the basic principles of monocular VI-SLAM methods and then classifies them analytically into
direct and filtering-, optimization-, feature-, and deep learning-based methods. However, most of the existing datasets
and benchmarks are focused on applications like autonomous driving and drones, mainly evaluating pose accuracy. Rela-
tively few datasets have been specifically designed for AR. For a more comprehensive comparison of the advantages and dis-
advantages of different methods, we select three public datasets to quantitatively evaluate representative monocular VI-
SLAM methods from multiple dimensions: the widely used EuRoC dataset, the ZJU-Sensetime dataset suitable for mobile
platform AR applications, and the low cost and scalable frarnework to build localization benchmark (LSFB) dataset aimed
at large-scale AR scenarios. Then, we supplemented the ZJU-Sensetime dataset with a more challenging set of sequences
called sequences C to enhance the variety of data types and evaluation dimensions. This extended dataset is designed to
evaluate the robustness of algorithms under extreme conditions such as pure rotation, planar motion, lighting changes, and
dynamic scenes. Specifically, sequences C comprise eight sequences, labeled CO-C7. In the CO sequence, the handheld
device moves around a room, performing multiple pure rotational motions. The C1 sequence involves the device mounted
on a stabilized gimbal and moves freely. In the C2 sequence, the device moves in a planar motion, maintaining a constant
height. The C3 sequence includes turning lights on and off during recording. In the C4 sequence, the device overlooks the
floor while moving. The C5 sequence captures the exterior wall with significant parallax and minimal co-visibility, while
the C6 sequence involves viewing a monitor during recording, with slight movement and changing screen content. Finally,
the C7 sequence involves long-distance recording. On the EuRoC dataset, both filtering- and optimization-based VI-SLAM
methods achieved good accuracy. Multi-state constraint Kalman filter (MSCKF) , an early filtering-based system, showed
lower accuracy and struggled with some sequences. Some methods such OpenVINS and RNIN-VIO enhanced accuracy by
adding new features and deep learning-based algorithms, respectively. OKVIS, an early optimization-based system, com-
pleted all sequences but with lower accuracy. Other methods such as VINS-Mono, RD-VIO, and ORB-SLAM3 achieved
significant optimizations, improving initialization, robustness, and overall accuracy. Direct methods such as DM-VIO and
SVO-Pro, which we extended from DSO and SVO, respectively, showed significant improvements in accuracy through tech-
niques like delayed marginalization and efficient use of texture information. Adaptive VIO, which is based on deep learn-
ing, achieved high accuracy by continuously updating through online learning, demonstrating adaptability to new sce-
narios. Furthermore, on the ZJU-Sensetime dataset, the comparison results of different methods are largely similar to those
in EuRoC. The main difference is that the accuracy of the direct method DM-VIO significantly decreases when using a roll-
ing shutter camera, whereas the semidirect method SVO-Pro has a slightly better performance. Feature-based methods do
not show a significant drop in accuracy, but the smaller field of view (FoV) found in phone cameras reduces the robustness
of ORB-SLAM3, Kimera, and MSCKF. Additionally, ORB-SLAM3 has high tracking accuracy but a lower completeness,
while Kimera and MSCKF show increased tracking errors. HybVIO, RNIN-VIO, and RD-VIO have the highest accuracy,
while HybVIO slightly outperforms the two others. The deep learning-based Adaptive VIO also shows a significant drop in
accuracy and struggles to complete sequences B and C, indicating generalization and robustness issues in complex sce-
narios. On the LSFB dataset, the comparison results are consistent with those in small-scale datasets. The methods with
the highest accuracy in small scenes, such as RNIN-VIO, HybVIO, and RD-VIO, continue to show high accuracy in large
scenes. In particular, RNIN-VIO demonstrates even more significant accuracy advantages in large scenes. In large-scale
scenes, many feature points are distant and lack parallax, leading to rapid accumulation of errors, especially in methods
that are heavily rely on visual constraints. The neural inertial network-based RNIN-VIO can better maximize IMU observa-
tions, reducing dependence on visual data. The VINS-Mono also shows significant advantages in large scenes, as its slid-
ing window optimization facilitating the early inclusion of small-parallax feature points, effectively controlling error accumu-
lation. In contrast, ORB-SLAM3, which relies on local maps, requires sufficient parallax before adding feature points to

the local map, which can lead to insufficient visual constraints in distant environments and ultimately cause error accumula-



$29% /% 108) /2024 £10 A

HE%E, #HEE, HIE, RS, T, iEs, wEE
ETR2EMRBRENE S E 5 EEE T ESR

tion and even tracking loss. The experimental results also show that optimization-based or combined filtering—optimization

methods generally outperform filtering-based methods in terms of tracking accuracy and robustness. At the same time,

direct/semidirect methods perform well when shooting with a global shutter camera, but are prone to error accumulation,

especially in large scenes when affected by rolling shutter and light changes. Combining deep learning can improve robust-

ness in extreme situations. Finally, the development trend of SLAM is discussed and prospected in this work based on

three research hotspots : combining deep learning with V-SLAM/VI-SLAM, multisensor fusion, and end-cloud collaboration.

Key words: visual-inertial SLAM (VI-SLAM) ; augmented reality (AR) ; visual-inertial dataset; multiple-view geometry;

multi-sensor fusion
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B WA IBCRAAE A, T2 H e LR R
0 R SR A A BLAL 25 o R SVO (semidirect visual
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BATTE (R AP 2 FNRFAIE 55, = 2 A bR ) RS
AR AR T4V BC Y45 5 . 8 59 S0
H RRAE VG FC 43 R M, S 1 5 BOIR S A T B
W2 BN KM . X 2T Ik AR AR & BRAE T, RRAE
PERC kS T RAAG T, RS T 45 5K e 5l B 4y
NAUN RTINS S @R S TIBUR L X S ¥ 1IN RPN
BAGTHPIABY B Ik 2 ik — R B, B4 i A
ZINA T i P 452 ) 7 1 BB 08 25 R A RS AR, DA T 4
FEEGSCHLE BT (S . T B AR R
AR )7 VEA SVO Pro(Forster % ,2017a) A1 DM-VIO
(Von Stumberg i Cremers,2022)

SVO Pro Y T3 T2 AL 0 860058 J7 7 SVO
(Forster %, 2014) o 18 2 fe /N AH 18 4 it (4% (1] S
JEE 522 DA BR B PR AR XHZ B . BRI S B A —
BUR RS BE R R IR FR b e TR B2 FAR MILAE X iz
SR F 5 — Wi EUE , B/ IME BT R 58 B 22 5
SVO H B BREEMLIE s , A5 FE 80 B B
ISR VCHEC A, I BAE A i/ IME BB 1R 22 DAL
A KB MUAH AL 25 RN DG BC A — 4 A AR AR, SOFR A 2
B . SVO Pro 7E SVO By Ll -, #F— 6 R
OKVIS 3 T 15 o) 7 11 19 B0 oz 450 A 4k 7 vk Dl &
IMU.,

DM-VIO(Von Stumberg 1 Cremers ,2022 VRT3
T LAY a5 71 DSO (Engel %5,2018) . 52
BLEVE B9 SVO A H , DSO B i BA i i fe /Mot
JE 15 22 AT Ak S S iU RH AL A0z 228 A R B TR) B A Ak
Bt P15 B9 6 R S50y o A Ti] o i) 1 56 B AR £k
DSO R T ¥ sh i 1 LA ] BA B3 FE A2 24 8 Xt
B sh e 02 iR T % k. DM-VIO 7t DSO
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HE%E, #HEE, HIE, RS, T, iEs, wEE
ETR2EMRBRENE S E 5 EEE T ESR

(LA DRG IMU, SEHE B EA S0 HHERAH T,
B RG IMU B0 2 A i 20 A R P i 2 T
&, DM-VIO $2 T —Fl4iE it i 25 Ak F7 ARk 2% fif 4k
PR ZE  RG e T WA F B, EREF R TE
T390 G AR DR 30 G A T B B i e ) PR ] op
ARAS T G Ak B B 18] 0T A T 428 B, LR 1 A AT DA
SRS R — 2, il NP R 25
2.4 23k

AR, T2 2 W A AL LR T AR
FRVTFNRLBE A5 M B AR 1400845 2 T T2 oY, IR
3 TR R UR o BE T B vy ) 1Y SLAM &R G
A PR FNR A 1 0 25 B A A% e %) R it i e [
B, I ok B s B R O AT I 2R, X T
VO/V-SLAM, A N & i ¥ U8 B 27 2 5 4% G fi e 45
%4, DROID-SLAM (Teed Fil Deng, 2021) fil DPVO
(deep patch visual odometry) (Teed 55, 2023) #4 2 ;
A5 G FE B 5 0] 0 P AR RO R 45 G TR 21>
BiE L RR T w I ERE . iSLAM (Fu 5% ,2024)
EHET M Vo 5EML, It B 1=~
E— AT TR

SR, @A T IMU {5 B A VIO/VI-SLAM T
V-t A 2K HY B, 46040, VINet (Clark 25 ,2017) 14 U3
HB T g 3 g AT YN 2R A v B M B R T O i AE R )
FRIERR BN PATEAR G o 25 A U# D T A
PUFTIMU T30 [7] 26 Fibr s B 55 oK, 38 G T 4 4
W E R, WEW A TIER M, DeepVIO (Han
85,2019) i FSUH S8l RS 3 5 00 TR B R AR 2%
Mo ARAH G 3D G A 6 [ B IR 3D JLA
LY FAE R AT T 00 T ARHLAT IMU 5 2 11222
BT EIRBIZ . SelfVIO (Almalioglu 55,
2022) I 190 4% 4t I 38 1o b il 9058 A IMU {5
B [ WA ) SRR AR T .

Adaptive VIO (Pan %, 2024 ) ¥ fE LR 5424 2] 55
TG AR LA A AR ZE A 30 8 PR A X 285 Sk T30 41
B UC L Z R IMU fi B o AN 7] ity 28] i il 45 P A
AR AR B4 TN AL 2, Adaptive VIO ¥ 28 7 4%
S5 BAMIZS A A BOA T T4 Sk S B 4
FIMU i & P2, LA W8 7 O Ak 2% . X b
2 ) —RARARZE A IO RE SR A R ML (115 R GLRE S
PATIER TR 2E 2] .

2.5 XftbEo#r
R T T MR HEAS [F] 5 1 Z [ P 25 3, 3k AT

BE 3 A A3 M R HE 4R (L dE b Az Al Y
EuRoC 248 4E (Burri 5 ,2016) .3& H TR 3hF & 3%
SR ISR FH (Y ZJU-Sensetime 448 (Li 45 ,2019) il
EEE RN BE 5 AR Y LSFB B0 48 (Liu %5 ,2024) %t
FRFEME T L AT AL . B A9 SLAM R4, 4
VINS-Mono (Qin % , 2018) Al ORB-SLAM3 (Campos
85,2021) 55, R 2R HIAT R ER L I 2R | HiT ek
FESCHHG T AL 2, J5 ot S 20 e fb e f— M 7
FE L 0] A A A4 Ry R AR A AR B S ik i
{14 [ e PI0 T DG B M5 2 0 b ol R G 2, DA B — L
FRAE IR o % FE 5] AR S5 52 75 22 A0 2
SRS R FRA TG P o, 328 i oy S s
W 2, A28 S i B R AR R B . A 1Y)
SIS HRTEHE 2K Intel i7-12700F2. 1 GHz CPU H132 GB
WA EAL ESETT . $#24E & %54 Ubuntu 20. 04, [7]
i 22%¢ T ROS Noetico R RGLTE 3B di 4 1) 5
AFH) EHIBAT 3, G5 R BOFE, LA/ 2R M
e ANEE

EuRoC /& — 3L o5l TR B 4 &
T 345 (AN G [l A —ANHIL s 50 dfi 3k 1)
TLANFES . B35 DL 20 Hz WSR2 1 752 X 480
1G53 PR ACE BUREE , UL & L 200Hz 7 48 1
IMU 1% J% 25 %54l , FLFLE 37 223 /2 A VICON Fl Leica
MS50 ¥ & 3545 R FE 200 1 mm) o BT BE 34 LA
RSy W 2 s S KL N /%€ 78 Y S
AARBLR 2 R R TR, A B m R s i . AR
S () B2 [R) 25 1 i 2 P L6 %, 45 EuRoC T
12 MU FHAE A Fh VIO/VI-SLAM FrpkS BEVEI A

ZJU-Sensetime EHi 45 J& — A 1 7] B 8 ity AR £
B 4, % B4 4 LA iPhone X (10S) HI /) K 8
(Android ) 3 AR F M 1 FS o0 15 45 MHOCA SR FE 20 o
EIGEAE LA 30 Hz 1 IR R AR | 558 T AL AR ALY
SRS BRSP4 B it b €5 T EuRoC 44l
£ o IMU Ed5 3 51 A 10S FlT Android 942 112,
T < 43 91y 100 Hz 1 400 Hz, I A{H {7 458 i
VICON WA 3R, RS -3 mx5miy
/NBEIE]

ZJU-Sensetime 734 A BN THAESE . A SR
FLHE B2k LR R S s Bl AN SRR
o BEEAFE Y AL By GHUIE R | (R Y A
PRI, PP S et . ZE LSRN -, TR AT
HE— 2T T — A PR 0 T EE R ¢ T
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VEAG SR AR 2l 5 P TS 8l P AT L 3h B = A
e O N E . Bk UL, CEURER ST
CO-C7 3841, K 1 JB/R T 8 4 p FIl AR e v &
BB 2 J8oR T4 PRI B0 . COFPalH,
TR AL D M NATE  fEM 2k aliie iz 8. Cl
Feof i M bl =6 L A RiEsh. 2
JEE e AT s B R E R RS . C3 )T
GIAE Sl 1 A h HEAT T AT R IR A5G . C4 )7
NGB ARF I GZ 3 . CS F SRR ANE , HA 55
KA 2 R NS B . C6 7 8 7 S il ik b L
WoRay, PRz 2, i kA AR e, CT )P A
K 8 SR ], rp g B ] N E S T LS Y T B
AT =

K1 ZJU-Sensetime b 75 CEHE Y 8 T 5 AL R KIS

Fig. 1 The representative images of 8 sequences from

7JU-Sensetime C dataset

LSFB 34 4 & — A1 ) KR E S 530 AR 1Y
R | 8 2T SIM 2 AR H 7 S s i b 1A -l i
55 1R K 1 P UG I J B LA, K 52 19 B RS B0 ) B e
o R 1 P v (432 Bl I R 6 S LA, FLAE RS ]
IKJE K . LSFB B A6 78 4 4 80A 3 T -F
KN BN REG SerhryF iz sh g, L&
54N I (AN 5 KB R AR ) T — R 51
WMALZ G . BT SE R T
AR MR 45 3 A £ 44t . AR SCHE R AR FHLAAEE Y
BRI T X AT
2.5.1 EuRoCEHEELS R 0Hr

2 10 A 19 VIO/VI-SLAM 4t 75 EuRoC 4%

C63.489m x1.040m = 0.684m C73.429m x2.118 m x 0.461 m
2 ZJU-Sensetime #h 7t C a1 8 17 51HY
PG B Sl
Fig. 2 The ground truth trajectories of ZJU-Sensetime C

sequences

£ T A48 X5 0 B 1% 2 (absolute positional error, APE)
(Li%§,2019)#47 7 X . T ORB_SLAM3 % H
LM B AR, (T S A R B AR 0 e g i A T
DT, IF88 1 HAK 5 00 4 X5 o7 & Y 1 07 AR 2% il
Bk oo B B (RIE 5 NI EUE) . R A& T A 1 5]
MH_01-05,V1_01-03, V2_01-03 %/~ EuRoC %X 4 4
() 1A RS s T 3 M. NERPTLUE T
WIRHEE T UE I % 77 % (U OpenVINS , RNIN-VIO %)
WS 3 T4k B9 7 % (41 VINS-Mono , ORB-SLAM3
DM-VIO %5) , #RRE U AN HORS B 45 5 .

MSCKF 54 f5c L 1 L F U8 % 19 VIO R 45, S8
TR R, T RAEE AR IR LS AR, A
SCSLH A T4 = 07 SR B H MSCKF-VIO 8%k
AR B, 207 S R VARG FE ARG AR, B #8537
FIARESE T . Ja LB 5 287 MSCKF fy SEat;
AT B R, U Open VINS /I T % FEJ .SLAM
FRIE AEZebr 45 10 S8 R A RIR$E T . RNIN-
VIO BIA T EETIREE S 2T BB AU, RERE L Xt
FOMPkIS PR s AR e bR A A T

OKVIS J& R 1y sk LAk 19 VIO R 48, ieig 5t
BB SE TR P BT B B LU, S 2k
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Table 1 Tracking accuracy on the EuRoC dataset

APE/m
\;/[Il\]ni_ ORB-SLAM3  OKVIS Kimera HybVIO MSCKF OpenVINS R\ljllg_ DM-VIO S:r(j_ AdaVIO

MH_01  0.148 0.098 (85.01%) 0.260 0.109 0.848 0.184  0.655 0.344 0.093 0.069 0.162  0.050
MH_02 0.176 0.182(76.22%) 0.216 0.115 1.594 0.061 0.463 0.183 0.129 0.047 0.145  0.055
MH_03  0.185 0.067(78.19%) 0.643 0.141 0.695 0.116 0.323 0.155 0.130 0.094  0.159  0.069
MH_04 0.356 0.169(85.84%) 0.607 0.247 3.322  0.192 - 0.195 0.205 0.109  0.312  0.092
MH_05 0.300 0.055(72.16%) 0.550 0.267 1.182 0.297  0.995 0.538 0.218 0.125  0.214 0.124
V1_01 0.081 0.039(100.0%) 0.152 0.060 0.353 0.064 0.143 0.064 0.047 0.061  0.091  0.035
V1._02 0.121  0.022(96.84%) 0.334 0.091 0.343 0.061  0.533 0.062 0.051 0.043  0.126  0.045
V1_03 0.164  0.058 (94.42%) 0.403 0.168 0.256 0.116 - 0.074 0.079 - 0.101  0.073
V2_01 0.084 0.081(100.0%) 0.125 0.058 0.481 0.049 0.236 0.120 0.049 0.033 0.115 0.052
v2_02 0.156  0.477(100.0%) 0.247 0.100 0.393 0.079 - 0.064 0.075 0.038 0.124  0.086
V2_03 0.274  0.085(100.0%) 0.291 0.147 0.509 0.126 - 0.206 0.131 0.143  0.241 -

T 0186 0.121(89.88%) 0.348 0.136  0.907 0.122  0.478 0.182 0.110 0.076  0.163  0.068

A E A FEAT I A, -7 R BRER R I
f 5475 Bl VINS-Mono .RD-VIO ,ORB-SLAM3 %5 , #fs i
FRACTT 2 T KE M. VINS-Mono X} 97 4 fL. Al
R 7 P A SR WA T R e, ELBG T 1R B P
BL A 753 5005 0] AAE K 240007 5T o0 iUk 45 4%
()00 4 Ak iz Bl BR R [A) B 48 T SRR B
RD-VIO 2 —Fp I TR 8 fL Ak i VIO J5 %8, AR Y
&, RD-VIO 4 In T sh A 5 F A A S i i g bl
il (15 REE BT 5 MR A B RS
ORB-SLAM3 & 1 T ORB-SLAM [ £ 5% i) i 1&]
B PRALA , (A A 1 T LA 0 R B
X 25 St 48T VIO RS B . ORB-SLAM3 i T
KT Z P E RS, — B YA IR A &
FH AN — T HE L TR AR RS b —
AN M EIEAT ORI . AEFRATAXT EL P A, 2 TR
W B I LSRG B, FRATTE B T ORB-SLAM3 f14 S
D7 2 I A Y A BRI 25 2K 1 7 b BT P 91 R R R A T
TEI, R B g3 7 AR R B A SE R BE A B %
DM-VIO F1 SVO-Pro & 1~ ML 5 1% B 422782
FEEI VIO 5 %8, P 43 il 02 DSO FSVO J7 i 4
Ji& . DM-VIO SR T ZE3R i1 %k B 5 -, 3 3o F1)
T 22 i i) Dy sk Sl o 52 O VIO W) 4 R A T kG
YE B Ah T, X i SR B B RS B AT S T
F3 A DSO HETF HEIL I I %, s R T R 1Y)
SUHE B FE ARG B EuRoC B0 55 R, R B
W AIREE . SVO-Pro MIFELE T SVO H B [ 5K

KNG FEPE, 78 EuRoC 04 45 I, 550 ARG 1 sk
FHEIE T RAS . T IR % 2] 1Y Adaptive VIO
I R LR Rk 2R 2 A T T T LAMGE A R G R
BE, FEIZEE S LIS TAR R BORS B, s T X R
L 5 B VR AT IV
2.5.2 ZJU-Sensetime B EE 45 0B

2 2 HHl ZJU-Sensetime-A £ 5 X%t L T AS [F] VIo/
VI-SLAM J7 % 19 APE , 1 2 AN 5] J7 15 B9 45 FE 8 45 o
TE ZJU-Sensetime-A {45 FLiz S8 , A [R5 7 /9
XF 253 5 EuRoC R 28600, M X HIET,
XEFFHL S RITEAR kL, 3T B A DM-
VIO MRS B T I 3 . BET2F B9 SVO-Pro
SRALA TR, B T4 B 42 1 19 DM-VIO, Hifth 3%
TR AT A5 2 K A W e R e 55—,
FHLHE A% 3k 5 0 NP 28 00 10 B A0 ALAE Lt 4 3
(field of view, FoV) B /N, 53 ORB-SLAM3 ., Kimera
FIMSCKF fE 2 PEIA i T %, o ORB-SLAM3 i,
SRR R ORG B A i (R T R I R [ . Kimera A
MSCKF W e B A BREF R 22 00 8 7. Hofth ik (1)
X 45 R 5 EuRoC 25 . i A7 R4, HybVIO |
RNIN-VIO F RD-VIO W R FE e i, iX 3 D R GL
N BE A Ry 4230T , Hovh Hyb VIO K JE He HoAth 9 A4 5
Gumg i —2E . JETUREES 2 1Y Adaptive VIO 7Ei% 7
GRS I S R R, O ELXE DL 52 s 1T 58 )P 51 B
FC, X g T HErEE T IR % ) 1 VIO Bk
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HLS G 7 5 U R AR 5t ARz Ak
PERERPERE . Pk, XL T3 7E EuRoC
B EE LA B ZJU-Sensetime BT B 51 A AR ARG T
XoF T % 2l 48 i S ke 1, PR T A A9 ) 4 Ak
YT R AR PR AR R L, K3 dH Z)U-
Sensetime-A 4k 82 X} T AS [R] 5 2% 19900 U Ak o 2
TEFH Li %8 N (2019) £ H i 9 i AL ot s 454, BI
i = bl £, +0.01)” (5)
X APIIR R R, e, AT RO DR 22, M
P T IR AT 5 3R 2 BN Z TRl B 2R o
M3 H , VINS-Mono . RD-VIO , HybVIO FI RNIN-VIO
I R AR iR A BT i, T MSCKE 38 7 2 B

&

F18 B[] S SO SA RO, LA R 28 3 3] 40 0 A RS 5%
BAKEGE , FEARRHAT 0B IRER . A, BT
F2 15 19 DM-VIO F1 SVO-Pro 1 T3 FHKH1F 2 9% 1)
5 R TR B B e A i R
TEFHLIRAG 3k 5 32 W s FEMR AR AR M A1 0 R
TEE M, KA4MES HHHE A M ZIU-
Sensetime-B £ 4l £ Fl A SC T AE B ok £ 19 ZJU-
Sensetime-C Z(HE FEXT Lb T AN [A] i iy & ke . 3k
FHLiSE A (2019)$2 A& He k4 b, BD

gq = (0 + 0.05) (&g + 0.1e ) (6)
K oy, AR F I LA, &, o0 35 VRIS 7 B
TV EE 5 FE PR A AR e i 25 5, T

#&2 ZJU-Sensetime A JF 5 IRIZIEE X LL

Table 2 Tracking accuracy on the ZJU-Sensetime A sequences

APE/m
\ﬁfnso ORB-SLAM3  OKVIS 5?(; Kimera HybVIO MSCKF OpenVINS R\ljllg' DM-VIO SVO-Pro AdaVIO

A0 0.140 0.129(78.93%) 0.104 0.088 0.246 0.050 6.162 0.199 0.068 0.093 0.162 0.138

Al 0.106 - 0.106 0.067 0.493 0.035 - 0.721 0.063 - - 0.137

A2 0.118 0.142(83.18%) 0.094 0.038 0.193 0.038 - 0.233 0.049  0.162 0.071 0.150

A3 0.059 0.023(80.86%) 0.038 0.018 1.320  0.022 - 0.035 0.019  0.031 0.060 0.028

A4 0.120 0.037(81.22%) 0.086 0.032 0.118 0.019 - 0.082 0.015 0.090 0.318 0.104

A5 0.101 0.032(38.42%) 0.557 0.064 - 0.037 - 0.145 0.069 - 0.122 0.093

A6 0.068 0.032(75.28%) 0.045 0.021 - 0.030 1.122 0.089 0.037 0.014 0.026 0.073

A7 0.071 0.012(87.70%) 0.063 0.028 0.291 0.018 - 0.153 0.030  0.041 0.018 0.040
SEHE 0.095 0.058 0.137 0.045 0.443 0.032 3.642 0.207 0.044 0.211 0.115 0.095
TE IR A BT IR, -7 RN BRER R I

#3 ZJU-Sensetime A FF ¥R REEIR £, 3T b
Table 3 Initialization quality £, , on the ZJU-Sensetime A sequence
VINS-Mono ORB-SLAM3 OKVIS RD-VIO Kimera HybVIO MSCKF OpenVINS RNIN-VIO DM-VIO SVO-Pro

A0 2.02 5.78 1.03 1.46 1.99 2.19 50.57 1.03 1.23 3.80 3.53

Al 2.69 8.09 4.03 3.55 7.78 3.50 30.25 4.03 2.88 39.61 -

A2 1.09 5.20 4.54 1.01 7.04 2.34 49.33 - 0.83 0.45 3.37

A3 0.97 2.82 0.35 0.71 6.83 0.45 - 0.50 1.22 1.06 4.53

A4 2.94 6.39 3.76 2.36 4.64 0.27 - 3.76 242 1.00 26.75

AS 1.15 4.86 8.59 2.70 - 1.09 - 30.59 342 - 12.08

A6 1.27 5.58 4.59 2.05 - 2.01 55.41 4.59 2.39 1.07 1.10

A7 1.57 4.66 1.61 1.70 - 1.79 - 1.61 1.12 - 1.59
SEHA{E 1.71 5.42 3.56 1.94 5.66 1.70 46.39 6.59 1.94 7.83 7.56

T L P MO BT R LR, - SR s BRER R
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Table 4 Tracking robustness £, on the ZJU-Sensetime B sequences

VINS-Mono ORB-SLAM3 OKVIS RD-VIO Kimera HybVIO MSCKF OpenVINS

RNIN-VIO DM-VIO SVO-Pro

BO 0.87 - 1.60 0.91 - 0.54 - 0.40 0.26 - 1.21
B1 1.05 0.26 0.84 0.42 - 0.41 1.174 0.96 0.73 0.32 0.86
B2 4.21 - 3.89 - - - - - 2.92 1.99 -
B3 0.66 16.38 0.90 0.73 - 0.30 - 0.34 0.39 1.18 1.44
B4 1.05 - 1.35 1.09 - 0.41 - 0.28 0.39 - -
B5 0.57 0.22 0.93 0.54 - 0.20 - 0.30 0.46 0.20 0.75
B6 0.72 - 1.12 0.63 5.48 0.14 - 0.38 0.30 0.99 1.06
B7 0.75 6.00 1.06 0.78 2.35 0.24 - 0.49 0.24 0.92 1.08
M 1.23 5.71 1.46 0.73 391 0.32 1.174 0.45 0.71 0.93 1.07

T L P O BT e LML, - 3R BRER R

&5 ZJU-Sensetime C 5| Z2HMI5R ¢ 3T L
Table 5 Tracking robustness £, on the ZJU-Sensetime C sequences

VINS-Mono ORB-SLAM33 OKVIS RD-VIO Kimera HybVIO MSCKF OpenVINS RNIN-VIO DM-VIO SVO-Pro

Cco 0.33 0.26 7.85 0.55 1.27 - - - 0.21 1.15 1.17
C1 0.58 - 1.33 0.44 0.98 1.13 8.80 0.23 0.32 0.28 1.21
Cc2 0.54 1.70 2.11 0.77 1.87 2.11 - 0.86 0.66 2.53 1.40
C3 0.43 - 1.23 0.42 5.34 0.98 - 0.47 0.34 0.92 0.60
C4 0.53 0.89 2.65 0.27 1.28 1.07 - - 0.18 0.34 1.42
C5 0.52 - 0.98 0.48 1.34 1.10 - 0.74 0.42 1.02 1.04
(00} 0.33 0.26 1.18 0.28 1.12 - 7.66 - 0.87 0.27 0.52
Cc7 1.53 3.22 4.09 1.52 2.90 - - 1.14 1.46 - 3.76
M 0.60 1.266 2.68 0.59 2.01 1.27 8.23 0.69 0.56 0.93 1.39

A EAC FEAT e A, -7 FR IR ER R I
BT P A Bl ] () —BebE . 7638 2 POl g 2 1) U5
F TG K &g vk ) L, fE R 4P T =k
KB, W3 A LLAE I, ORB-SLAM3 ., Kimera i
MSCKF 77 £ B i 0 6 Bk n] 0, L B 87k 1
DM-VIO 1 SVO-Pro F SR 76 4 75 DL T 8000 oKG 7
ANt AT DT ) I A B ) R B
bl K R 09 Hyb VIO, & HE MK SR fe bt .
MK )% 5 HybVIO 4% 3T 19 RNIN-VIO #l RD-VIO, &
Ptk ARy i 65, {HA4)5 5 HybVIO A B i 22 55
A GRS BE AR X AR 19 OpenVINS . X — EFEFE |-
S W T X B v AR A e 22 [ A A AU
SR E T AW B ko H Bk R ZJU-
Sensetime-C B ¥ £ N AR R & ek, XF Hegh
RERIFEAR—H, FBEMXHET, LT HLIMR
P X 28 (1) RNIN-VIO 78 90 58 A i % 45 19 45440 (O
FORTF ST IR 1 O ) HAT B A 34,
ekt AETA RS Y R & B 3R A ZJU-

VINS-Mono

Kimera

RNIN-VIO

ORB-SLAM3

OKVIS

RD-VIO

HybVIO

MSCKF

OpenVINS

AdaptiveVIO

K3 FE ZJU-Sensetime-C4 J751)_FRIEJ7 i 1 AR SR
Fig.3 AR effects of different methods on

DM-VIO

ZJU-Sensetime-C4 sequence

SVO-Pro
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Sensetime-C4 45 % b T AR J5 % T B9 AR 30H .
W5 — 4~ B FUAS7 5 M T M, AN ) 3SR A )
FHMLA 2222 1l K2 0057 7 (AR (g8 ) | LA LA A S 22546
EINE NS IR () X P B R 22 (4048 . Hop
A AT AATAE 2k ) R 2 7 1% 7 12 7 B s IR B8 2 e
X s R % 5 — 80, RIUNZEIE A A R AR
ROR
2.5.3 LSFBEURAEZ LB

22 6 F R RUEE 37 5 s 46 LSFB (19 25 4~ T4l
BHE X HEAS [7] D7 32 KGR R B, L 5 1 91 R

AR T IR 2K, AN [F P 5106 g 5 5% 1) IR B 2%
RIF R ANER 7 iR o X HL2s SR 5 /N B 4R 10 245
REEA B, /N5 PR B2 B 19 RNIN-VIO  Hyb-
VIO fIRD-VIO, £ Kt ol FEAR SR B o JUHL &
RNIN-VIO 7 R S BRE FE AT R 2 . KRR
JEGy s AR Z R s I B i Bk 2% | o TR
WA R T Ty BRR 2 . BT ehaiiibk
P £ 1) RNIN-VIO RE 5 78 43 b A HI IMU LI, DA i
G XA AE A . e, VINS-Mono £ K37 5
WA F W B H . 2T sh e 0Pk iy VINS-

&6 LSFB #iEs& R RERFS T EL
Table 6 Tracking accuracy on the LSFB dataset

APE/m
Xﬁ:i ORB-SLAM3  OKVIS sﬁ; Kimera HybVIO MSCKF OpenVINS Rii?' DM-VIO SVO-Pro
00  4.687 4.6438(96.64%) 9.473  3.567 - - - 6.484 3390 10439  4.2595
01 3409  1.6727(93.03%) 3.174  1.336 - 2.262 - 6.298 - - 4.406
02 - - - - - - - 5.288 - - -
MO 0.667  0.394(74.02%) 0.784  1.112 2009  0.757 - 1.026  0.835 3.880  0.984
M1 0.509  0.474 (68.03%) 1485  1.640 - 1.331 - 1.163 0752 1.609 1306
M2 0794  0.721(60.23%) 1.513 1336 1.683 2575 - 1.102 0785 4532 1535
Lo 1160  5.771(97.49%)  9.554  4.078 9.167  4.105 - 2.224 2421 5482 2311
L1 3.110 4207 (48.21%)  8.700 - - 8.098 - 9.860  8.194 9560  2.656
12 2319 7.650(92.90%) 11565 4.841 - 3.002 - 3.707 5095 8387  2.306
L3 1.581  6.893(61.11%) 4376 3956 7.781  3.821 - 3.267 1.920 - 3.990
EO 0987  0.620(76.38%) 1.713  1.081 - 0.800 - 0.556 0.244 5024  0.962
El 0.601  1.215(88.52%) 2992 1506 1919 0918 - 7.523 0.467 3296  1.296
E2 0091 2744(93.33%) 0618 0.159 0253  0.081 - - 0.068 0.883 0427
A0 0279  0319(5591%) 2486  0.247 - 0.570 - 0.393 0.143 3771 0479
Al 0.858  0.887(77.38%) 4.291 5242 2272  0.819 - 1.758 1308 11087  3.457
A2 0675 - 2922 1.165 - 1.862 - 4.866 0.598 9790  2.001
A3 0510  0.378(62.17%) 1461 0442 0939  1.123 - 0469 0453 6992 0817
A4 0.986 - 9.654  2.683 - 1.856 - 0.764 1.368 - 6.605
Co - 2.246 (70.32%)  3.397 - - 3.014 - 5.819 - - 4.005
Cl 0.517  0.733(83.40%) 1549 1302 2.138  0.740 - 0.238 0337 4884 1416
C2 2552 0.469(39.68%) 3.975 2394 2897  2.185 - 2.266 2.654 - 4.783
C3 7513 2.531(89.41%)  2.077 - 8.579  2.202 - - - - 2.175
S0 0.236  0.361(80.09%) 0.996  0.505 - 0.293 - 0.130 0203 0970  0.726
Sl 0.269  0.387(82.15%) 3.043  0.803 0.841  0.328 - 0.475 0325 6475 1133
S2 0.385  0.136(80.39%)  0.635  0.563  0.666  0.422 - 0.227 0.447 5030  0.404
THE 1.509 2.066 3851 1903 3.165 1.877 - 2.865 1.524 5672 2268

T L P MO BT R LML, -7 R BRER R
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FHHZ R, T 53 H ] 19 ORB-SLAM3, 75 22 ff 7
FHIE S C & HA R 22 A A R S b 18], 751 5
BT 22 5 BB 2 SRS JE A IO, 1 iR 25 R
FREE 2 R ER 500 o i 6 T 8 I3 9 MSCKF 1 Open-

VINS, 2SRt R AN 22 R AR 5, (B ) R
AEGIIERT O LA, e A R 2E R K
R GEAE R m PR ST/ N g b — 2 (HA
TERE R, BT Hk sk BB [l i ]2 L 9 DM-
VIO, B 5 PR 1T iy 1 22 RBRAE K75t h R L
PO BRI T HA R 5L

R7 LSFBEIREHHEMIATRE

Table 7 Various types of environments on the LSFB dataset

7857 R/ (m x m) 73 ik
Office park (outdoor) 100 x 100 00 IR X AR RN AR R 3
Office park (indoor) 100 % 100 01,02 ISR X, ALFERT AT /NG (B A 58 DA R Sl ) 4
Medium indoor office 15x 35 MO - M2 T RVRLRE I 2 NI T
Large indoor office 135 x 30 10-13 SR A PR S 0 KRBV NI AR
Exhibition hall 20 % 30 EO - E2 BA 3352 2 Bt 1 h SE R e T
Atrium 15 % 60 A0 - A4 15 m & 1Y S8 L2 ARG
Corridor (wide) 4 x 40 Co-C2 HA RS0 58 GE iR
Corridor (narrow) 2 %30 C3 AT B 55 SR M S R
Stairs 10 x 20 S0 - S2 AT 5 SO S AR

3 MIRRARESRRES

IR VI-SLAM HAR K JRARR  (H ik T B 503 5
()52 2P, 7 52 B niy FH rh A Tl gl B b 2 8 1) — 26 )
R B TR o ) TR T 2 LU R, AR R
SLAM £ R IF UG 5 IR 2 I M & JF g a5
T 2 (AR s Rt 2= IR m] ) R A e
3.1 REZ35V-SLAM/VI-SLAMMZE

1 55 I 5 SLAM HE 42 € 28 LU #5 L, th 7 SE B
NS T E KRBT . 7R S8 SLAM (1 HE 42
T T EE 2% 2 1 5 B 4% 58 SLAM Hh 4%
PP IR 24 2] )7 1545 SLAM R G845 4 1 —Ff 32 22
B . TERRAE A F, DeTone 55 A (2018) 2 1 T
SuperPoint, Bl —~5¢ 4 i W 4% 2% 2] 15 B A RRAE A,
TEAS TPk 5 (B 80 OB IR AL R 208655 ) T
ORI AL G T LB I AR E s SRR E I RCR o
P — 2 1, SuperGlue (Sarlin 25 , 2020 ) F1 LoFTR (Sun
85,2021) FLHESE I T 19 R P14 ) i 21 o 5 A A BRI
FMVCHE o B T R SV R 22 4h , O it BR B A 2
SLAM R4 h i I A tiiEm s 1
— 2 A SR TT AR A IR S B, M LA T3 A Bk

%375, Teed F1 Deng (2020) #2 i} RAFT (recurrent
all-pairs field transforms ) , SZ 3 1 ¥ 2] sy 9 H8 595 D6 I
Yifliit  BUAS T ARG vk A AORE B, T SR B AR
Wz At . XA BE , BA-Net (Tang Fl Tan,
2019) $2 T BALayer, S8 1 4% 8 L (1) v ) i
BA .4t . DROID-SLAM (Teed HI Deng, 2021 ) i /]
RAFT-Flow /E L6 BRERAE R , I 4211 T DBA-Layer
VE AL R 52 3HRT 3t P e R AILASE 2265 11 Sy 39 i B
LSBT IR S R 2 v SLAM B2 4t . DPVO
(Teed 45,2023 ) W 5L T Patch BB VL BCACES T
BB G 7 A E DE L , S5 B0 1 — 1> B A5 G i
#9 VO & %45.. DROID-SLAM Ml DPVO A= Ji i) b &
i R i 4 PR A8 P T8 T oo 2454 X T A SR
iR S P 2 SLAM 1 ) 2 SLAM 5 ¥R JiE 27 > 45
A — BB . Tandem (Koestler 28, 2022) 1% %2
TR TH0 199 2% MVSNet il A DSO. CodeVIO (Zuo
4,2021) . CodeMapping (Matsuki 55 , 2021 ) 1 B #b
4 ) 24 SN ) R BE DA S 5 1) 3R 3k O = A B4R 52
SLAM AL b, S0 1 X R R 2e Ak . Xie 55
(2023 ) U5 Y 22 T8 Ak A TR IR 6 35 T OB IR 2 b
4 P 2% 1) 1 A BB S8 SLAM Ak . 1548
THEZ RIS 2, %07 14 Re 8 1645 gl v S8 AR
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2t Al

BT R AR IR B B B, IR A S
SLAM gl G421 135 Ay S8 % . 1) T B U e ik s I Y
AR O/ A TR AR SR ORI DL T, 7T LASE i B
e Ve e MG 45 3R 158 22 e /N R S5 B e 31 iy 1) )1
% A0 TA/EA iMap (Sucar %5, 2021) . NICE-SLAM
(Zhu %5 ,2022) . Vox-Fusion( Yang 55 ,2022) \ESLAM
(Johari 55,2023 ) ,Co-SLAM(Wang 55,2023 ) \NICER-
SLAM (Zhu %%, 2023) 4% . .7 iMap . NICE-SLAM ,
Vox-Fusion, ESLAM, Co-SLAM #f 4K #i F RGB-D fii
A NICER-SLAM DU} fift FHHC Al 9 265 e 5 AR ik
I] LA RGN &, 92 BT T8 H R i 2
Uity SLAM R 5

3D = HriE Y4 (3D Gaussian splatting, 3DGS) AR
R T g o P e i L B PR i 4 o 32 D B g )
T G Joi e, r LA A T BOR 8 22 /Y TR K 3DGS A
SLAM filt & o 8 5 B 4 dee /M TE Gt AR 1 D6 1R
2 S BARBLAL AL TR g 1A AR AR
SplaTAM (splat, track and map) (Keetha 4, 2024 ) .
GSSLAM (Gaussian splatting SLAM) (Matsuki 55 ,
2024) . Compact-GSSLAM (compact Gaussian splatting
SLAM) (Deng % , 2024) . HF-GS SLAM (high-fidelity
SLAM using Gaussian splatting) (Sun 5§ , 2024a) . CG-
SLAM (Hu %, 2024) Fll MM3DGS-SLAM (multi-modal
3D Gaussian splatting for SLAM) (Sun 55 , 2024b) % .
Hrp, SplaTAM , Compact-GSSLAM , HF-GS SLAM #lI
CG-SLAM f9%i A %idi #62 RGB-D J¥51], GSSLAM £y
iy AJZ RGBT 41, 1] MM3DGS-SLAM 9 iy A B4 2
RGB-D FF 51 F1 IMU %4l o

HEF 2 3 1 IMU 28 I 268 X2 T IMU 1500
KA AL S— DI T2 T B BHE SR 5L
72 ToNet (Chen 55, 2018 ) , 19 4% 2 ] 2D i # A1 J5
], A DL A0 IMU FRUR5822 , U U AZ 48 IMU -
FUL B 5 (RS B . RoNIN (Herath 55, 2020) HI— A
AL 190 46 T 2D #E B . TLIO(Liu 55 ,2020b ) £ 1 %
T IMU 22 R 28 A9 J& - IR 2 I 2% (extended kal-
man filter, EKF) B AH45 &, 52 B 46 IMU 119 3D S0
RNIN-VIO(Chen 55, 2021) 42 H 45 G IMU #1122 [ 45 H1l
VIO & 4, $& FF R A VIO 1y & B ok FRS B .
Buchanan 5 A (2023) 4 2% >J IMU 19k &, 7T DA 5K
Rz ahEiz 46, 015 VIO 454 $&TF VIO KE i .
Zhang %5 N\ (2021) #1 Hi 2% 2 IMU M5 | I8 % 2% S

HH R 1Y) TMU 2508 $2 0645 VIO, $2 T VIO K .

SV BRI 25 ) 5 SE SLAM (% il & 38 b
FEASFFARE . AR ZB0A v 20 1) SLAM R 48
IAEAETHRRGEIR 7 A s BORAR A I R, dn e i R
JE 2 2] B 7 1 b S SLAM R G454 12 i% 07 E ik
7575 M Y S
3.2 SERERE

B TARGEAHNLA 58 J5 5 AE 59 808 FE & 4L
B OGHRAR AL ANE S BORI S 0T, Mk DLk S A7 7E
ERPEPR . RS IMU BR AT DLE—E R
PRI HEE B WA 5 BT 5, FAREE IMU A/
e DL IS ) Bt TE VR R . SLAM J5 i [a) BT
R e AL A I, 2 BT — DR S 5k
JEaF QAL — 52D IKAE B
RIS it Fc Sk sE B AR R 2, AT 78 = il is
SR S A FE g PR IR E e (R R .
T ALY SLAM, AR M TAR AL 45 3 T 0 H 55
PERIPLE VO (Zhou %5, 2021) FET 5 H FHAFAHHLAN
I = 2k i ] 1) B 4% 1% SLAM (Bryner 25 ,2019) | 4%
A H FAFAPLANIMU B VIO (Zha 5 ,2017) %, 75
A0 AR AL — B AL B , R FH G D B
PE AR MR A R AR R G , AT AR5 4
TRITEAR (SO M 55 . R TR T2
PR LA g = 2 1 73 (Cui %5, 2017) F SLAM( Yang,
2018) , A K BEF IR 22 ) B ik — 4 A (Ba 45,
2020) %%,

B L i AT AL SR A A1, o] 38 2o il & B 22 2%
BRI AL IRER | FE— 25 S 58 D ik 1) Jmy B, b — A
KIE#aHE QindE A (2019a,b)H& H—Ff FH B @l
SEAIHESE 38 5K A ML IMU \ LiDAR %5 )5 3 4% 2% g%
5 GPS(global positioning system ) . 7111 AR TT5
SR G IRAR A, SE B R FORS 1 HL 42 )R TC R RS 1) o
PEERES . GPSAHS HAEZE AN Al F, 2 o3 ] LUAI]
WiFi (Youssef Fll Agrawala, 2005) . #% " (Faragher #1
Harle, 2015) 8% UWB (ultra wide band) (Zhao % ,
2021) S R THRAE R E M fE R . XTI
LAF 5 BB DT IR AR T B I P B S T A
o UK R o W R A R SRS R X b R
T RefE = N AR R L2 R e A5 B, H W
B RRR B A, H AT R KT T AR SEEE AR S0
S5 TR R AELAT O LA 2 X8 2 57 0 R T g 1Y)
N R 2R (Liu %5, 2023) o Liu % A (2023) B K2



$29% /% 108) /2024 £10 A

HE%E, #HEE, HIE, RS, T, iEs, wEE
ETR2EMRBRENE S E 5 EEE T ESR

A E S MU WiFi i 2 G 0 K3 5
BARLE , LI ) 2 A5 B8 Al G 0 5 o BRERE— 20 &
JEo BRIZAN, N AR REERAG 2RI TRl & Al
24 A BRI A 0 AR R R i e 22 U5 A
SLAM & £t 78 i BB F 3 RS2 85 (£ &R %,
2022), ik LEFELA RS AUA B T4 5 SLAM R4t
(186 AR PR FIORG 348 VT A 398 5 LA 52 2 T 05 b 1)
I BE 77, WA T B A 0 Kb BAN [] 4% SRS B =2 T 7
ST R 2 1
3.3 wm=hE

KM B2 1T 1Y SLAM 2 G5 A 1] bt e b 2> H PR
22 BB, — B A 5 [ IRAG R T B 25 AR i
FESERR N 5 ASREARUE G A7 7E [ 3, R
AL DL g ] % DA R T B R 22, 7 ARG 31 (| 2R 2 R
SLAM i Hi (10 52 B A7 25 1) 52 22 O 6 A7 7E |, 76 1] % 4]
G Ja AR 23 T BT NS B A Bk AR, DT i AN
U RS . B8 sh 2 bl TR SRR G R
w2 RN RS E . T MEEY R,
AT R 3 i 2 I 1) g 2R A i 2 B AR () . i
SRt IR BA = e 1R SRS R TR
= 1 PR B A 2 iy, R TR S e T 1 £ 2R
il A% shit T SLAM (91522 B, = 45 Gl W
3 B A I v 6 DA K s S LA R
Ui I SLAM fil 6o B8 4k 8 I nT DLSR A SIM B2 AR 52
B, 15 4n I P 4K /4 COLMAP (Schonberger Al Frahm ,
2016) EC-SIM(Ye %5 ,2024) %5 . it JLAERE S #h &4
ARIR DL, (1 FH A 28 B e 3k of 2 TRl Al 7 1l
S —FPEE TAE 710, 41 NeRF-SLAM (Rosinol %5,
2022) . Point-SLAM (Sandstrom %5 ,2023) . 4T &K
J3E b T ) A7 75 A DR R RUBE S AR A8 4k DA B
Hb IR AL S )8, 4 THRP AR DE T /e ) 2 — o7
3, 4l H SuperPoint 3X FF 19 TR JE 2% 2] FEAE £ . Yu
A5 N (2020) 48 HY T — R 43 1R DT G T R A 22 ) 2%
BGNet, i iz K T 48 1 22 1 ) 4% F000 (%) JLA] e 5615
SR IHBRTE A S RO G IR AR A 3 2R B AR
TIE X 43 BE WA , DAt LA DG it 94 ) 80, 38 3 ) 2 )
Ak )2 A BN AR VERC , AT DL R 2 3 T 5
WA AR AR BT B 2 Y R ARG B . Yan 5 A
(2023) W T 08 ARS8 R FR THHb 1 R Ak
(RE 1o 45 TR 2 b ] il A ity b SLAM B, AR 45
S b P 5 R A 8 B4 Ry s A £ A R A A W
A E] SLAM th A LAk, 7T LUK AR SC B TAE 73R

FA#E A (Platinsky 45 , 2020; Qin % , 2018 ; Yamaguchi
25 2020) FTEHE A (Ye %5, 20205 Zuo %5, 2019; Bao
% ,2022; Katragadda 55,2023 ) . FA KRG X Bl B 425
T R S A7 11 A 3 AR MEHEBR 2 7 1R 22 T
A5 B0 - SE IR A 07 25 B0 A A Bk B -
Ye 55 N (2020) $2 H 55 Fuke) 2 Hh (KT 1) Surfel 4544 7547
A, WOk S A TR B (R b sk ARl T
5 AL 1) S A0 L R 3 v N B T b R 454 . Bao 58 A
(2022) i ] Ray-Cast 1) 77 2 DA b B b 1] £ B 4654
Mo 5 1 VIO flG, GRS 7E B AR R = B 42 11y
75 &0 T A Rl VIO 19 3% 22 R, NeRF-VINS
(Katragadda 55,2024 ) £2 6 VINS R 45 5 7 S 1) 2
1Y) NeRF MBI #1755

vty 25 P AI 9 SLAM H AR %A bR e, =
ity i ] e R 0 RN A7 5 12k DA B 5 0 1 SLAM (1) il
B TS S B A S 1, T ELAE S PR o FH 58 28 i 7 45
B 7% JEIB B A | 438 A5 AR L R i 3 1 3
FHE, HIA A B R HE T2 8]

4 % iE

BiE AR/VR FIHLES NSl i 2 2 & i /R
Horp G HEF AR Y B H S5 SLAM E AR TR,
P — A B TE R G . SRINTTE LR 225
W, A2 T LA AN AR 1 Jey B o AR SC i ol
SRR BT O T vk — e R R B
PE I I8 1 7 VA A AR (AR X R
Fvh P B e R A R T T B T R
A PERE  HA D) 2 B TR G IR 1Y
s, U HOR R T iR 2 BB 45 G iR 2R
DA S AR A O T ISR g A i i
D £ FiE 6% Sk 2 4 T AE R I 00 T 1R ek

R T U S B s b 20 0 Pk O AR R
SLAM ¢ R85 5 R B 22 S 454 (Rl A T 2 4% 5%
Mo D E R R, READE ST IR )
)77 R IR KW T, AR AE LA~ SLAM R 40
14 J22 18 1 A e o8 A UL e ik (Hl o 5155807
P LAAE W R A, T AR B AL G805 B i — B8 )R
BECPE , [R] BF S RE 6 A2 52 PR 75 b 1) 4 i SO TR EE R
IEAb, 3T 058 A9 SLAM ME L 5 R X6 58 15 8 4K
i, T LA A3 4 2 (s o UR B2 2 > FAL Gl
FEARSS B ) Al IMU R BE AL B Wik i 2 R i
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