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Research on visual SLAM algorithm for indoor high and
low dynamic environments

Fu Qiang'® Zeng Fanzhi'® Ji Yuanfa"®® Ren Fenghua'”*
(1. Guangxi Key Laboratory of Precision Navigation Technology and Application, Guilin University of Electronic Technology,Guilin
541004 ,China; 2. School of Information and Communication, Guilin University of Electronic Technology,Guilin 541004 ,China;

3. International Joint Laboratory of Spatiotemporal Information and Intelligent Location Services,Guilin 541004, China)

Abstract: Aiming at the problem that most classic visual SLAMs are not robust enough in indoor dynamic
environments, a visual SLAM that can distinguish between high and low dynamic environments is proposed based on
the ORB-SLLAM3 algorithm framework. First, an algorithm is proposed to distinguish whether the prior dynamic
objects in indoor environments are in high or low dynamics based on the reprojection error of the pose transformation
between multiple consecutive frames. Then, according to the high and low dynamics of the environment, it is decided
whether to combine the YOLOv8-Seg instance segmentation network to remove the dynamic features in the dynamic
environment to ensure the tracking accuracy of the SLAM system. Finally, in order to deal with the repeated map
points in the map caused by dynamic features, a repeated map point elimination algorithm is added to the local map
tracking to delete the repeated map points in the dynamic environment, further ensuring the stable tracking of the
system. Experimental results on the public dataset TUM RGB-D show that the improved algorithm has improved the
positioning accuracy compared with the ORB-SLAMS3 algorithm, with a maximum improvement of 60.41% in low
dynamic environments and a maximum improvement of 94. 65% in high dynamic environments. Compared with other
dynamic feature removal algorithms, higher positioning accuracy is achieved in most sequences, and it is also more
advantageous in real-time performance. The proposed algorithm effectively solves the problem of SLAM coping with
indoor dynamic environments and improves the positioning accuracy of SLAM.

Keywords: simultancous localization and mapping; ORB-SLAM3; YOLOv8-Seg; high and low dynamic environment;
duplicate map point elimination
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Fig. 3 Calculating inter-frame reprojection error
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Table 1 Comparison of absolute trajectory errors (rmse, std) of sequence in TUM dataset m
R 3 ORB-SLAM3 DynaSLAM RDS-SLAM A
rmse std rmse std rmse std rmse std
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Table 2 The positioning accuracy of this algorithm and RDS-SLAM in fr3 sequences is improved compared with ORB-SLAM3

%
Bk s_static S_Xyz s_half S_rpy w_static W_Xyz w_half w_rpy
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ViN'q 23.42 9.15 60. 41 5.45 94. 65 93. 41 94. 54 94.61
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Fig. 9 Comparison chart of absolute trajectory error under low dynamic conditions
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Fig. 10 Comparison chart of absolute trajectory error under high dynamic conditions
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