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Abstract To address the low robustness and positioning accuracy of the traditional visual simultaneous localization and
mapping (SLAM) system in a dynamic environment, this study proposed a robust visual SLAM algorithm in an indoor
dynamic environment based on the ORB-SLAM?2 algorithm framework. First, a semantic segmentation thread uses the
improved lightweight semantic segmentation network YOLOvV5 to obtain the semantic mask of the dynamic object and
selects the ORB feature points through the semantic mask. Simultaneously, the geometric thread detects the motion-state
information of the dynamic objects using weighted geometric constraints. Then, an algorithm is proposed to assign weights
to semantic static feature points and local bundle adjustment (BA) joint optimization is performed on camera pose and
feature point weights, effectively reducing the influence of the dynamic feature points. Finally, experiments are conducted
on a TUM dataset and a genuine indoor dynamic environment. Compared with the ORB-SLLAMZ2 algorithm before
improvement, the proposed algorithm effectively improves the positioning accuracy of the system on highly dynamic
datasets, showing improvements of root mean square error (RMSE) of the absolute and relative trajectory errors by more
than 96. 10% and 92. 06 %, respectively.
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Table 1 Comparison of the absolute trajectory error

unit: m

ORB-SLAM?2 Proposed algorithm Improvement percentage /%
Sequence RMSE Median S.D. RMSE Median S.D. RMSE Median S.D.
w_half 0.6173 0.5074 0.2495 0.0241 0.0184 0.0112 96. 10 96. 37 95.51
w_rpy 0. 8154 0.6542 0.4236 0. 0275 0. 0204 0.0158 96.63 96. 88 96. 27
w_static 0.3518 0.2639 0. 1607 0.0071 0. 0054 0. 0030 97.98 97.95 98.13
W _Xyz 0.7323 0.6673 0. 2564 0.0133 0.0113 0.0068 98.18 98.31 97. 34
s_staic 0. 0085 0.0074 0.0042 0. 0064 0.057 0.0033 24.71 22.97 21.42
K2 XA EERZER L
Table 2 Comparison of the relative pose error unit: m
ORB-SLAM2 Proposed algorithm Improvement percentage / %
Sequence RMSE Median S.D. RMSE Median S.D. RMSE Median S.D.
w_half 0. 4458 0.2334 0. 2859 0. 0251 0.0195 0.0122 94.37 91.65 95.73
w_rpy 0. 4803 0.121 0.3416 0. 0381 0.0274 0.0262 92.06 77.36 92.33
w_static 0.2214 0.017 0.1463 0.0092 0.0092 0.0048 95. 84 95. 06 96. 70
W_Xyz 0.4512 0.1653 0.2923 0.0179 0.0139 0. 0090 96.03 91.59 96.23
s_staic 0.0083 0.0072 0.0043 0.0076 0. 0058 0.0038 8.43 19.44 11.63
#3 SESEHER STAM B 1 4 X5 0300 i 22 19 X L
Table 3 Comparison of the absolute trajectory error of some advanced SLLAM algorithms unit: m
Dyna-SLAM DS-SLAM RDS-SLAM Proposed algorithm
Sequence
RMSE S.D. RMSE S.D. RMSE S.D. RMSE S.D.
w_half 0. 0296 0.0157 0.0303 0.0159 0. 0807 0.0454 0.0241 0.0112
w_rpy 0.0415 0.0271 0. 4442 0.2350 0.1604 0.0873 0.0275 0.0158
w_static 0.0068 0. 0034 0.0081 0.0036 0. 0206 0.012 0.0071 0.0030
W _Xyz 0.0157 0.0083 0. 0247 0.0161 0.0571 0. 0229 0.0133 0. 0068
s _staic 0.0067 0. 0046 0. 0065 0.0033 0. 0084 0.0043 0. 0064 0.0033
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Fig. 7 Experiments using RGB-D cameras in a real dynamic scene. (a) Experiment scene; (b) experimental result
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Fig. 8 Comparison of different algorithms in a real dynamic scene
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Table 4 Time-consuming comparison of the tracking phase
Semantic segmentation/detection  Time of other modules related to  Track each frame )
Method ) ) ) GPU
time /ms tracking /ms time /ms
ORB-SLAM?2 - - 38.23 GeForceRTX1650
Dyna-SLAM 198. 63 Geometry module: 239. 52 672.38 GeForceRTX1650
RDS-SLAM 200 Mask generation: 5. 31 85.43 GeForceRTX1650
Proposed algorithm 20.48 Joint optimization: 132. 44 90. 56 GeForceRTX1650
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