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Robust dynamic RGB-D SLAM based on motion probability screening
and weighted pose estimation

Yu Xingyun'? Cheng Xianghong'® Liu Fengyu'® Zhong Zhiwei'**
(1. School of Instrument Science &. Engineering. Southeast University, Nanjing 210096, China; 2. Key Laboratory of Micro-inertial
Instrument and Advanced Navigation Technology, Ministry of Education, Nanjing 210096, China)

Abstract: In order to reduce the interference of dynamic objects on visual SLAM, a robust dynamic RGB-D SLAM that
combines the motion probability of feature point and weighted pose estimation is proposed. First, the instance
segmentation network Yolact is used to obtain semantic information of scene, combine semantic information and depth
information to restore the dynamic mask boundaries, and calculate the semantic dynamic probability according to the
magnitude of the prior motion probability. Then, a semantically guided method is used to calculate the geometric
dynamic probability of feature point, and the semantic dynamic probability, the geometric dynamic probability and their
confidence are combined to construct the motion probability of the feature point, and a feature point screening strategy
with adaptive probability threshold is designed. Finally, in the process of pose tracking, local map optimization. and
global optimization of the system, a weighted cost function based on the motion probability of feature point is designed
to distinguish the contribution of different feature points to pose optimization. In addition, after removing the dynamic
objects, a global point cloud map is established for static scenes. Experimental results on the public datasets
demonstrate that, compared with ORB-SLAM2, the Root Mean Square Error of Absolute Trajectory Error of the
proposed algorithm on the TUM RGB-D and Bonn datasets is reduced on average by 69.16% and 91.94%,
respectively. Moreover, compared with other state-of-the-art dynamic SLLAM algorithms, the proposed method
exhibits noticeable improvements in both pose estimation accuracy and robustness. In real-world experiments,
compared with ORB-SLAM2 and Dyna-SLLAM, the trajectory endpoint drift error is reduced by an average of 52. 20%
and 19. 15% respectively.

Keywords: RGB-D SLAM; dynamic objects; motion probability; weighted pose estimation; global point cloud map
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Fig. 3 Model for weighted pose optimization
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Fig.5 Comparison of Absolute Trajectory Error curves between ORB-SLAM2 and the proposed algorithm
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Table 1 Comparison of ATE in the TUM RGB-D dataset m
Ours(w/o Ours(w/o S ..
) ORB-SLAM2"" P [P Ours PERESR T/ 1%
RMSE SD RMSE SD RMSE SD RMSE SD RMSE SD
fr3_walking_xyz 0.2919 0.1387 0.0155 0.0092 0.0148 0.0075 0.0127 0.0065 95.65 95. 31
{r3_walking_rpy 0.1579 0.0794 0.0313 0.0195 0.0287 0.0216 0.0279 0.0157 82. 33 80. 22
fr3_walking_half 0.348 9 0.1461 0.0230 0.0125 0.0245 0.0143 0.0209 0.0109 94. 01 92.54
fr3_walking_static 0.0156 0.009 8 0.0068 0.0029 0.0083 0.0036 0.0065 0.0035 58.33 64. 29
{r3_sitting_static 0.007 1 0.0032 0.0061 0.0029 0.0058 0.0027 0.0060 0.0030 15. 49 6. 25
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Table 2 Comparison of ATE RMSE for different algorithms in the TUM RGB-D dataset m
J¥ 3 Dyna-SLAM'*" LC-CRF SLAM"""  OVD-SLAM"""" Sik[15]°  Scik[16] Ours
{r3_walking_xyz 0.016 0.016 0.014 0.152 0.014 0.013
fr3_walking rpy 0.037 0. 046 0.035 — 0.034 0.028
fr3_walking_half 0. 031 0.028 0.023 — 0.025 0.021
fr3_walking_static 0. 007 0.011 0. 007 — 0. 007 0. 007
fr3_sitting_static 0. 008 — — — — 0. 006
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Table 3 Comparison of ATE RMSE for different algorithms in the Bonn dataset m

¥ 51 ORB-SLAM2" Dyna-SLAM™ LC-CRF SLAM"™ 3r#k[15]" C#k[16]° OVD-SLAM ™ Ours
crowd] 1. 085 0.023 0.019 - 0. 020 0.018 0.017
crowd?2 2.109 0. 029 0.031 — 0.024 0.023 0.023
move_no_boxl 0. 207 0.027 0.018 - 0. 020 0.018 0.021
move_no_box2 0.102 0.034 0.038 - 0. 029 0.033 0.026
person_trackingl 0. 800 0. 045 0.035 — 0.041 0.041 0.047
person_tracking?2 0. 856 0. 041 0. 040 — 0.038 0.038 0.036
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Fig. 6 Comparison of static scene reconstruction results

between ORB-SLLAM2 and the proposed algorith
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selection results of the proposed algorithm in real-world scenarios
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Table 4 Comparison of trajectory end drift errors

of different algorithms

m
4 ORB-SLAM2™ Dyna-SLAM"™  Ours  PEREI T}
01 0.2385 0.150 8 0.108 8 54.38%
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Fig. 10 Comparison of trajectories estimated by

different algorithms
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Table 5 Comparison of average tracking time

of different algorithms

ms
(ER7S S 1A R Bt (]
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