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Research on visual SLAM algorithm based on object detection in dynamic scenes
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Abstract; In high dynamic scene areas, the mismatch rate of feature points extracted by the ORB—-SLAM3 algorithm tracking
thread for mobile robots is high, resulting in low system accuracy. A dual thread parallel method is designed for the front—end visual
odometry part of the ORB-SLAM3 system, and information exchange between the two systems in the same host is achieved through
Socket. That is, target classification and feature point filtering are performed in the target detection thread, and features are extracted
in the tracking thread. By combining the epipolar geometric constraint algorithm and utilizing inter frame matching epipolar distance,
feature points are further filtered out to enhance the robustness of the system in dynamic environments. Optimizing and accelerating
the visual SLAM system by adopting an information entropy based feature extraction and matching algorithm, which not only
improves the stability of the visual SLAM system, but also improves the efficiency of feature point extraction. On the other hand,
the more lightweight YOLOVS5 algorithm is fine—tuned to achieve fast object detection and maintain high accuracy. In order to verify
the effectiveness of the algorithm proposed in this paper, the TUM dataset from the Technical University of Munich is used to
compare with ORB-SLAM3. The results demonstrate that the absolute and relative trajectory errors of the proposed method are
significantly reduced in high dynamic sequences. Compared with DS-SLAM, Dyna SLAM, and YOLO-SLAM, this algorithm has
the potential to meet practical engineering requirements while maintaining accuracy.
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Fig. 1 Improved front—end visual odometer
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Fig. 2 Improved YOLOvSs model
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Table 5 Comparison of time consumption results
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Tracking each time/ms

Hardware platform

ORB-SLAM3
DS-SLAM
DynaSLAM

YOLO-SLAM

DRV-SLAM

23.8
57.1
>200
696. 09
39.2

Intel i7 CPU, NVIDIA Geforce GTX1650 GPU

Intel i7 CPU, P4000GPU

Intel (R) Core(TM) i5-10400F CPU NVIDIA Geforce RTX2080Ti
Intel Core i5-4228U CPU

Intel i7 CPU, NVIDIA Geforce GTX1650 GPU
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