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Abstract

In real-world dynamic environments, depth sensors inevitably encounter interference from moving
objects while acquiring environmental information. How to effectively process dynamic objects, en-
able robots to accurately understand their surroundings, and accomplish complex tasks remains a
challenging problem. This paper proposes a semantic segmentation method that combines an
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improved ORB-SLAM3 with an enhanced YOLOvV5. The method identifies and eliminates dynamic
features while maximally preserving effective features of the static environment. By integrating the
ORB-SLAM3 algorithm, it achieves high-precision scene reconstruction and successfully generates
dense point cloud maps. Experimental results on the TUM-RGB-D dataset show that compared to
the original ORB-SLAM3 algorithm, our proposed method reduces RMSE by an average of 92.04% in
highly dynamic scenes and 19.48% in low dynamic scenes. The system demonstrates excellent ro-
bustness and accuracy, particularly in scenarios with a high proportion of dynamic objects. Addition-
ally, we optimized the system’s real-time performance through a lightweight object detection net-
work and efficient feature filtering strategy, ensuring real-time operation on standard hardware
platforms. The research provides an efficient and reliable solution for visual SLAM problems in dy-
namic environments.
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Figure 1. Dynamic objects
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Figure 2. System framework
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Figure 3. Epipolar geometry constraints
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Table 1. Experimental data
< 1. SLIGHE

ORB_SLAM3/m Our-Method/m
E1& 751
RMSE Mean Median RMSE Mean Median
Sitting_halfsphere 0.0578 0.0545 0.0491 0.0503 0.0505 0.0431
Sitting_xyz 0.0154 0.0138 0.0123 0.0124 0.0107 0.0095
Waliking_halfphere 0.2649 0.2308 0.1724 0.0210 0.0170 0.0141
Waliking_static 0.0267 0.0231 0.0205 0.0072 0.0064 0.0060
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Figure 4. Trajectories of sitting and walking
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