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Abstract: Objectives: Visual-inertial simultaneous localization and mapping (SLAM) typically outper-
forms pure visual SLAM in indoor scenes characterized by low or sparse textures and varying lighting condi-
tions. Nonetheless, most existing visual-inertial SLAM encounter challenges in detecting and tracking suffi-
cient feature points. Moreover, the prior pose measurement information from the inertial measurement unit
(IMU) is often underutilized, resulting in reduced pose estimation accuracy and limited robustness. Methods:

An adaptive fast corner feature detection approach has been developed to enhance the robustness of feature
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point detection in images. Additionally, the fast line segment detector algorithm makes it easy to detect
short lines and broken line features, and the performance of the algorithm is affected by the change of illumi-
nation, resulting in over—extraction or wrong—extraction of line features. Accordingly, an adaptive algo-
rithm for extracting line features was introduced, utilizing edge—detected binary images and incorporating
the removal of erroneous lines based on the geometry characteristics of the vanishing point. Following this,
the algorithm integrates the visual measurements from point-line features with the pre—integration measure-
ment of IMU to yield reliable outcomes for front-end pose estimation and initialization parameters in a
loosely coupled manner. In the back—end section of our proposed SLAM method, a unified nonlinear mini-
mization residual function is established for visual and IMU measurements through tight coupling, optimizing
for obtaining precise pose of the image or camera. Results: The proposed SLAM method has been validated
and tested on publicly available benchmarks, showcasing its performance through ablation experiments and
qualitative as well as quantitative comparative analyses against several state—of-the—art visual-inertial

SLLAM algorithms. Conclusions: The results indicate that the proposed algorithm improves average localiza-

tion accuracy by at least 12% and displays significant robustness.

Key words: SILAM; adaptive point-line features; IMU; loose coupling, tight coupling
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Fig. 2 Flowchart of Adaptive Corner Feature Extraction
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Table 1 Comparison of Ablation Experimental Results of Visual Inertial SLAM Based on

Combination of Loose and Tight Coupling

-~ AR5 i ATy
- (IS S+ [ 3E R 2R+ SR ) CHGE N+ A IS N 2+l a + B G)
Trans./m Rot./rad Trans./m Rot./rad

MHO1 0.052 0.026 0.046 0.025
MHO02 0.029 0.022 0.027 0.020
MHO3 0.027 0.025 0.029 0.025
MHO04 0.060 0.026 0.046 0.026
MHO5 0.133 0.017 0.071 0.014
V101 0.036 0.104 0.035 0.103
V102 0.016 0.043 0.015 0.044
V103 0.027 0.050 0.025 0.047
V201 0.017 0.024
V202 0.028 0.020 0.020 0.019

MR T 45 2R rh RS ME A B T i 2 23 00 A B
i IMU R & 19 77 ORI e s fr 48, R 4efE
10 5 UK B 5 ekt 1) 00 4 A 2 50, HL 58 W B R BT A7
KR Fe 50 R 004 S 56, Rk O R R L e
R EE I 9 AR BER 5 IMTU A 45 119 7 07 45 B2 27

B 11 JoR T 800 46 vh w0 4 37 5 Pk M 45 s
(7 511 (MHO5 F1 V202) 3% 22 1 7 T EHR i 46
XoF A7 Al T i 2 B R D) AE Ak i et L TR OE B
R A I Bl R I G I ) BT, R R
HRAR A6 R 250 B it 5 PG |, 3 %o T 44 R AIE



2058 BRI (R D

2025 410 H

—w/0-vins
—Ww-vins

i

£ [

Ha , j‘{

oK |

= i [ [ ‘\f | / \ -

[ A ‘v‘\“}/n/\

® 3 id LRI N

L\ 'ITAN B ANy
2014-06-25T03:35:18 ~2014-06-25T03:37:11

P45 i 1] 2K
(a) MHO5 /7411

Fig. 11

R At 41 JC 5 DG TC A RS B A, 3 T 52 o R R0 4 Ak
AREATE . BEAE X IEERET N LSEFI IMU B 4h 4L
LORBHCE AT A 25 X SE N R 22 R
Wi K7 ML iz 2 B3 B Al RS BE . e, T (w/o-
vins ) ¥ fif A 4 EAORT T RL B2 RRAE A5 S, W1 8R AL 46
RASMEVEA R, 5 S ANHLAL L 7y 7 2 A 5
BB R B 22 . AL Z T, J5 # (w-vins) K
IMU 1 AR 73 37 2215 B 5 058 45 fiF BEAT AR A 5
290, RE 5 AT 280 Y 5R W IR AL 4R S ) B B
P, DT BRI I S 78 Joy 740 F 22 4 7 v A AL AZ Bl 2
PAETERE L o L, J5 A5 B IMU S 36 07 22 Ak
TR AR T E AT A R AR E (A
JE RGP

FLUR, S B IR A SCH S B4 3 D A 2 R I X
SLAM B R A7 2k 11 F0 % 00K B2 1A S80bE , 7331

X %% FE /m

—w/0-vins
—w-vins
0.08
0.
0.
0.

2014-10-16T01:26:43

2014-10-16T01:24:46 ‘
] 45 i ] 32
(b) V20255

P11 MHOSHI V202 77 51 T PG48 X {37 5 15 22 Wil I 1] 22 46 %o 1L

Comparison of Absolute Pose Errors of Image Frames Over Time Under MHOS5 and V202 Sequences

H T ORB SR (LSD ZR 45 1 LA A SC H 1 B
SUERARIEHEAT T 22 A0 Rl O PSR, S HL AR 4
WU R 2, BT H I s R AE 10 Sk A A v 2
fli VA BE AE PR PR T3 F ORB M LSD &2k
VR T I E ARG B . X EEE T ORB AR
fEH FAST 1 i 75 A6 DU £ B e AiE B 38 38 1) Wy
R F KR 75 B 0 T sl KT R
B #5008 T 07 ) A8 R, S B SO i O IO
JE B PG DX S i B AR 1 i e /b L S A 4y
AR, WA, 25 R A7 ARG BROR 1 4] i i 81
IR AE AL, LSD B vk M e 2 B R , By 7= A e 4k
U £, [ B A W 1 5 4 26 B RT B 5 3 S W Ak 1 34
GAEMANTY o X R 23 B 2k RRAE (1) DL i L
Rz 22 7 BB Ak o A 0 Wi IO L DT 25 5 5 i)
FEAR I DR E

£2 ETORBRHFFEMLSD LHHE.BEN R &N HERMIE LR

Table 2 Comparison of Ablation Experimental Results Based on ORB Point Feature, 1.SD Line Feature, and Adaptive

Point-Line Feature
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