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Visual-inertial SLAM Algorithm Based on Weighted Static Features and
Selective Optimization

QI Yongsheng'® CUI Guangtong' LIU Ligiang'®> SU Jiangiang'? ZHANG Lijie'
(1. College of Electric Power, Inner Mongolia University of Technology, Hohhot 010080, China
2. Inner Mongolia Autonomous Region University Smart Energy Technology and Equipment Engineering Research Center,
Hohhot 010080, China)

Abstract; Aiming at the problem that single visual sensor SLAM technology has low accuracy and poor
reliability in dynamic environment, which leads to the inability to accurately estimate the camera pose, a
visual SLAM algorithm based on weighted static feature points and selective optimization ( CW — SLAM )
was proposed. Firstly, dynamic feature point detection was added to the front end. After using the GC —
RANSAC algorithm to separate the inner/outer points and fit the optimal basic matrix, a weighted static
feature detection method was designed to eliminate the error constraints from the dynamic features,
improve the matching accuracy, and use the stable features for back-end pose optimization. Secondly,
the factor graph model was used to construct a new structure with vision as the main system and IMU as
the auxiliary system. By introducing the auxiliary system IMU odometer factor to constrain the main
system error, and receiving the VIO factor to realize the motion prediction and pose optimization. Finally,
a selective optimization strategy was proposed to eliminate the influence of temporary static targets. After
clustering the loopback key frames, the selective optimization of the constraint group was established
according to the factor graph optimization model to filter out the false positive loopback hypothesis.
Compared with the classical SLAM algorithm, the effectiveness of the algorithm was verified on the TUM

public dataset and in the real environment. The experimental results showed that the algorithm can
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effectively suppress the influence of dynamic and temporary stationary targets on pose estimation, and

improve the accuracy and reliability.

Key words; simultaneous localization and mapping; dynamic environment; feature point detection;

selectivity optimization; pose estimation
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Tab.1 Validation of effectiveness of selective global

optimization m
Fe il Ao 2R A CE Yk
RMSE SD RMSE SD

walking — xyz 0.0325 0.0155 0.0129 0. 006 6
walking — halfsphere 0.045 8 0.0205 0.017 8 0.008 3
walking — static 0.0346 0. 009 6 0.0137 0.004 0
walking — rpy 0.0955 0.059 8 0.0360 0.0238
sitting — halfsphere 0.0211 0.0100 0.0162 0.007 9

3.2 EHEEPHEEREXHEEK

K 6 & TUM — RGBD % #i54 T walking JF %1 1
) 4 Wit KRR 2 iR e A B 25 R Hrh ] 6¢.6d 2
MHT WS R 15 Wi, Bl 6a ~ 6d iz i 45 K. A
Kl 6b .6d W] W] & F T 48 S VA AR G 25 B T %74
o NFIRE - E W TE R SIS RAE s 8] 6e 6f 2 ORB —
SLAM3 FIA LR VEALE walking — xyz J7 81 T (14 4 %5 4t
FIgESE ., & 6e 6f AT, 4 W04 FF 51 o £ 76 %5 3)
M NAE R 85T, ORB — SLAM3 23 38 1l 5 4 ¢
HRAR R, AR 2 K ar i 2, W R B s i N & 11
U AEAE T % b ] R RO U, o s B
AT PRS2, T AR SO R I RCR 8o > B B A
B b s IR, 8= B T
3.3 ORB - SLAMS3 #nE f1 45 3 SLAM & %3t bk

R T VEAR T B SRR HE R B Ta ~Td 430l R
ORB — SLAM3 FIA L5 7E TUM — RGBD £ #g 48



234 o AL B ¥ i

2026 4

(

a) ORB-SLAM3 L4t (b) AR SCH I AT T (¢) ORB-SLAM3Z: 51t (d) ARSI LS W

6 Bl RN B A PR 2

(e) ORB-SLAM3#E[E|

Fig. 6 Dynamic point culling and mapping results
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Fig.7 3D trajectory error heat map, absolute trajectory error map and relative trajectory error map
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SLAM3 ) RMSE M 0.286 4 m | [& 2| A & &K
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Tab.2 Comparison of absolute trajectory error m
ORB — SLAM3 ARICH
il
RMSE Median SD RMSE Median SD
walking — xyz 0.286 4 0.2254 0.1338 0.0129 0.0111 0. 006 6
walking — halfsphere 0.2268 0.189 2 0.092 4 0.017 8 0.0125 0.008 3
walking — static 0.0137 0.0105 0.007 4 0.008 7 0. 005 2 0. 004 0
walking — rpy 0.1542 0.1119 0.0729 0.0360 0.0212 0.023 8
sitting — halfsphere 0.0228 0.018 1 0.0118 0.0162 0.0123 0.007 9
F3 FEBEMNMEBREIL
Tab.3 Comparison of translational relative positional errors m
ORB — SLAM3 A SCH
il
RMSE Median SD RMSE Median SD
walking — xyz 0.3412 0.1548 0.163 4 0.0212 0.0122 0.0142
walking — halfsphere 0.1322 0.090 0 0.0532 0.0312 0.0212 0.0134
walking — static 0.0235 0.016 6 0.007 1 0.0123 0.009 1 0.003 8
walking — rpy 0.2111 0.1855 0.0812 0.0412 0.0311 0.0149
sitting — halfsphere 0.0183 0.0138 0.0121 0.0132 0.0102 0.009 1
F 4 Sttt SLAM EiE G IR & 3T b
Tab.4 Comparison of absolute trajectory errors of some advanced SLAM algorithms m
WF - SLAM ] OVD — SLAM!??] ARSI
Gie RMSE Median SD RMSE Median SD RMSE Median SD
walking — xyz 0.0130 0.0124 0.007 1 0.0912 0.063 2 0.0581 0.0129 0.0111 0. 006 6
walking — halfsphere 0.024 4 0.017 4 0.0079 0.3513 0.0313 0.0173 0.017 8 0.0125 0.008 3
walking — static 0. 006 8 0. 006 4 0.004 2 0. 006 2 0. 009 4 0.004 1 0.008 7 0.005 2 0.004 0
walking — rpy 0.0252 0.016 4 0.0321 0.0321 0.0197 0.0345 0.036 0 0.0212 0.023 8
sitting — halfsphere 0.017 1 0.0111 0.008 8 0.0103 0.007 2 0.004 3 0.0162 0.0123 0.007 9
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