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Visual SLAM algorithm for fusing improved YOLOV7 in dynamic scenes

Shi Tao' Xiao Nuozheng' Ding Yao' Xu Jindong®
(1. School of Electrical Engineering and Automation, Tianjin University of Technology, Tianjin 300384, China;

2. Jidong Oilfield Exploration and Development Construction Supervision Center, Tangshan 063200, China)

Abstract: In response to the susceptibility of traditional visual simultaneous localization and mapping (SLAM) to
disturbances from moving objects in dynamic scenes, a visual SLAM algorithm based on object detection networks is
proposed. This algorithm introduces a module for detecting and rejecting dynamic feature points in the tracking thread of
ORB-SLLAM2, thereby utilizing static feature points for pose estimation. Firstly, YOLOvV7 is chosen as the backbone
network for object detection, combined with GhostNet lightweight convolutional networks and convolution with SE
attention mechanism (Conv_SE) for effective environmental detection. Secondly, the detected objects are processed
through classification, rejecting feature points associated with dynamic objects, and employing geometric constraints to
further identify and remove potential moving objects. Finally, only static feature points are used for feature matching and
pose estimation. Validation results on the TUM dataset indicate that compared to ORB-SLAM2, the proposed algorithm
achieves an average reduction of 96. 5% in the root mean square error (RMSE) of absolute trajectory error (ATE) in
dynamic walk sequences and shows improvement in other dynamic sequences as well. Experimental evidence
demonstrates that this algorithm significantly enhances the localization accuracy and robustness of the system in dynamic
scenarios.
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Fig.1 ELAN-1, ELAN-2 structural diagrams
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Fig. 2 Figure size sample
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Fig.3 System framework diagram
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Table 1 Comparison of absolute trajectory error result

- : ORB-SLAM2/m AR/ m B/ %

B RMSE Mean SD RMSE Mean SD RMSE Mean SD
Sitting_static 0.008 6 0.007 5 0.004 3 0.007 1 0.006 1 0.003 6 17. 44 18. 67 16. 28
Walking_xyz 0.703 7 0.659 2 0.330 4 0.016 3 0.014 5 0.007 5 97. 68 97. 80 97.73
Walking_rpy 0.841 6 0.714 7 0.444 5 0.030 1 0.022 8 0.019 6 96. 42 96. 81 95.59
Walking_half 0.637 5 0.566 9 0.284 0 0.032 7 0.028 3 0.016 3 94. 87 95.01 94. 26

Walking_static 0.259 1 0.217 1 0.141 5 0. 007 4 0. 006 6 0.003 3 97. 14 96. 96 97.67
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Table 2 Comparison of relative pose error translation part result

. ORB-SLAM2/m A SCEEH:/m ®I/ %
RMSE Mean SD RMSE Mean SD RMSE Mean SD
Sitting_static 0.009 3 0.008 1 0.004 4 0.008 8 0.007 5 0. 004 6 5. 38 7.41 —4.55
Walking_xyz 0.3550 0.273 8 0.222 1 0.021 4 0.018 9 0.0101 93.97 93.10 95. 45
Walking_rpy 0.443 4 0.272 6 0.287 5 0.044 1 0.034 1 0.027 8 90. 05 87.49 90. 33
Walking_half 0.454 7 0.2950 0.346 0 0.032 1 0.027 3 0.016 9 92.94 90. 75 95.12
Walking_static 0.227 8 0.094 4 0.207 3 0. 009 6 0.008 6 0.004 3 95.79 90. 89 97.93
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Fig. 7 Trajectory of our method algorithm
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Table 3 Comparison of results with other researches (m)
. RDS-SLAM Dyna-SLAM DS-SLAM AR SCH
Kb g RMSE SD RMSE SD RMSE SD RMSE SD
Sitting_static 0.008 4 0.004 3 0.010 8 0. 005 6 0. 006 5 0.003 3 0.007 1 0.003 6
Walking_xyz 0.057 1 0.022 9 0.016 4 0.008 6 0.024 7 0.016 1 0.016 3 0.007 5
Walking_rpy 0.160 4 0.087 3 0.035 4 0.019 0 0.444 2 0.2350 0.030 1 0.019 6
Walking_half 0.080 7 0.045 4 0.029 6 0.015 7 0.030 3 0.015 9 0.0327 0.016 3
Walking_static 0.020 6 0.012 0 0.006 8 0.003 2 0.008 1 0.003 6 0.007 4 0.003 3
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