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Abstract: To address the challenge of SLAM systems struggling to extract sufficient stable feature points and being prone
to incorrect matching in low-texture dynamic environments, which leads to poor accuracy and robustness in pose estima-
tion, this paper proposes a monocular visual-inertial SLAM system specifically designed for low-texture dynamic sce-
narios. The proposed method achieves improved performance in feature extraction, matching, and dynamic feature point
discrimination. First, a deep learning-based SuperPoint feature extraction and LightGlue feature matching modules are
employed to replace the existing ORB-SLAMS3 frontend, significantly enhancing the robustness of feature extraction and
matching in weak texture areas. Second, by integrating YOLO-seg for dynamic region semantic segmentation and leveraging
IMU pre-integration to estimate camera pose changes, a joint dynamic point removal mechanism is constructed to achieve
finer-grained dynamic point filtering, thereby enhancing system accuracy and robustness in dynamic interference scenarios.
Finally, the performance of the proposed method was validated through comparative experiments on public datasets and real-
world scenarios, and the proposed system achieves a reduction of 88.4% or more in the root mean square error of absolute

trajectory error, and 90% or more in the standard deviation in real-world low-texture dynamic scenarios, exhibiting supe-
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rior positioning accuracy and robustness when compared with existing visual and visual-inertial SLAM approaches.

Key words: dynamic SLAM, low-texture, deep learning, feature extraction, semantic segmentation, IMU pre-integration
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MHO01 0.016 0.540 0.160 0.210 0.080 0.018
MHO02 0.027 0.460 0.220 0.250 0.060 0.027
MHO03 0.028 0.330 0.240 0.250 0.050 0.026
MHO04 0.138 0.780 0.340 0.490 0.100 0.127
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V101 0.033 0.550 0.090 0.100 0.040 0.035
V102 0.015 0.230 0.200 0.100 0.020 0.016
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Corridor3  0.05 156 057 0.85 0.35 0.40
Corridor4  0.03 025 026 0.13 0.21 0.23
Corridor5 006 077 039 2.09 0.37 0.05
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F40.0% 1 65.4%, i | A RFEEILLEY) 5t
RIS RS S VT RCERE . TEBIAS
%5 D3 5D4 1, ORB-SLAMS3 525251 540 /™
o, YRR ESMIEE 7 1.1029 m A1 1.372 3 m,
FRAEZE A S T 1.101 3 m 5 1.163 9 m. 1AL
RGN ITHRARZE DD 88.4% K UL E, FrifE 22D
90% M LA b, FOWHAE T AL RAEE LIS
NS R E .
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RARIREES b, (HR R THRE AU R ZE, KE
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*3 BHBIEEENITIRE LWL RIIEL

Seq ORB-SLAM3 OURS Improvement(Y)
RMSE/m SD./m RMSE/m SD./m RMSE S.D.
S1 0.1027 0.0798 0.0617 0.0311 40.0%  61.0%
S2 0.1340 0.0902 0.0463 0.0410 654%  54.5%
D3 1.1029  1.1013  0.1275 0.1101  88.4%  90.0%
D4 13723 1.1639  0.1203  0.0735  91.2%  93.7%
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T4 FHERES A HR SR Xt
o ORB-SLAM3: ORB+BF SPLG . -
i RMSE/m S 2R 1 RMSEm  REAEEA .
MHO1 0.016 0 271 0.018 0 267 - -
MH02 0.0270 237 0.0270 241 1.7% -
Corridorl 0.080 0 128 0.0500 137 7.0% 37.5%
Corridor2 0.060 0 102 0.0400 118 15.7% 33.3%
s1 0.1027 27 0.060 7 116 330% 41.0%
s2 0.1340 18 0.044 3 103 472% 66.9%
VLI 5iER . eGSR P51 ST S2 v, f&4¢ %5 B A ETSHHIE R B FRIERI ST 3T b
ORB R HUAUR 35 T, Wk 4, (URESRIK Rl RS SFR B AR
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H B H
N N H F Z Y S N H =
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