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Research on Dynamic Scene SLAM Based on Improved Object Detection

Abstract

Abstract: Aiming at the epipolar constraint matching problem of monocular SLAM in dynamic scenes a
dynamic feature point selection method based on object detection is proposed, in which the dynamic
feature points in the front-end image frame of SLAM system is eliminated during feature extraction to
improve the localization accuracy of SLAM. An improved target detection network is proposed to
construct a loss function to describe the bounding box by using the overlap area, distance similarity and
cosine similarity, which can achieve the accurate localization of target objects and obtain the range of
object feature points in the current image frame. The object category is judged in SLAM, and the dynamic
feature points in the front-end image frame are rejected according to the target detection result for the
objects marked as dynamic. Based on the static feature point results, the epipolar geometry is used for
the feature matching between two frames to estimate pose the to carry out the tracking, map building and
closed-loop detection of monocular camera motion. The speed of the inference process is improved by
the structural reparameterization of the backbone of target detection network to ensure the real-time
operation of the overall system. Experimental results on KITT| dataset show that the improved system
improves the localization accuracy by 23.4% over ORB-SLAM3 system, and the frame rate can reach more
than 30fps. The algorithm can effectively improve the localization accuracy of monocular SLAM system
in dynamic scenes under the condition of ensuring the real-time operation.
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Abstract: Aiming at the epipolar constraint matching problem of monocular SLAM in dynamic scenes a
dynamic feature point selection method based on object detection is proposed, in which the dynamic
feature points in the front-end image frame of SLAM system is eliminated during feature extraction to
improve the localization accuracy of SLAM. An improved target detection network is proposed to
construct a loss function to describe the bounding box by using the overlap area, distance similarity and
cosine similarity, which can achieve the accurate localization of target objects and obtain the range of
object feature points in the current image frame. The object category is judged in SLAM, and the
dynamic feature points in the front-end image frame are rejected according to the target detection result
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for the feature matching between two frames to estimate pose the to carry out the tracking, map building

and closed-loop detection of monocular camera motion. The speed of the inference process is improved

by the structural reparameterization of the backbone of target detection network to ensure the real-time

operation of the overall system. Experimental results on KITTI dataset show that the improved system

improves the localization accuracy by 23.4% over ORB-SLAM3 system, and the frame rate can reach

more than 30fps. The algorithm can effectively improve the localization accuracy of monocular SLAM

system in dynamic scenes under the condition of ensuring the real-time operation.

Keywords: visual SLAM; epipolar geometry; feature matching; object detection; IoU loss function;

structural reparameterization
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Table 1 Training results
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Fig. 12 Loss function plot for training set
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Table 2 Comparison of absolute trajectory error
FEMH TRt BTitiR =
el " ‘ " \ " ‘

ORB-SLAM3  CHk[24] A ORB-SLAM3  Xiik[24] A ORB-SLAM3  CHk[24] A
00 0.513 13.238 0.396 0.286 5.222 0.245 0.587 15.165 0.466
01 — 6.505 2.021 — 2.631 1.407 — 7.017 2.462
02 0.735 9.155 0.727 0.535 6.015 0.618 0.907 10.594 0.954
03 0.042 0.865 0.025 0.042 0.267 0.019 0.059 0.906 0.032
04 0.043 0.247 0.006 0.022 0.126 0.003 0.048 0.277 0.007
05 0.164 5.997 0.185 0.056 3.093 0.075 0.173 6.748 0.200
06 0.513 3.157 0.434 0.286 1.786 0.259 0.587 3.627 0.505
07 0.229 1.353 0.175 0.114 1.515 0.101 0.256 2.484 0.212
08 4.770 4913 3.758 3.743 3.432 2.723 6.063 5.993 4.641
09 0.608 4.866 0.287 0.570 3.953 0.126 0.834 6.269 0.314
10 0.293 3.158 0.379 0.295 1.778 0.331 0.474 3.753 0.503
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