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Abstract: A new method for improving the accuracy of camera pose estimation in RGB-D SLAM of dy-
namic scenes was proposed. This method was based on instance segmentation and optical flow. The first
step was to detect objects in the scene using instance segmentation, eliminate non-rigid objects, and con-
struct a semantic map. The second step involved calculating motion residuals through optical flow informa-
tion, detecting dynamic rigid objects, and tracking them in the semantic map. Next, dynamic feature
points on non-rigid objects and dynamic rigid objects in each frame were removed, and the camera pose

was optimized using stable feature points. Finally, the static background was reconstructed using the TS~
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DF model, and the dynamic rigid objects were displayed as point clouds. Tests conducted on the TUM and

Bonn datasets demonstrate that Compared with the most advanced work ACEFusion, the method proposed in

this article improves camera accuracy by approximately 43%. The results show that retaining feature points of

dynamic rigid objects in a static state can significantly improve camera pose estimation results. The dense map-

ping experiments show that our method outperforms better in dynamic 3D reconstruction, the average recon-

struction error is 0. 042 m. Our code is available athttps: //github. com/wawcg/dy_wcg.
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Tab.1 Comparison of absolute trajectory error of Bonn

dataset (m)
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Balloon 0.233 0.030 0.175 0.028 0.028
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Balloon Tracking2 0.366 0.035 0.322 0.033 0.059
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Moving No Box2 0.364 0.039 0.179 0.029 0.037
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Moving O Box2  0.309 0.263 0.528 0.443 0.134
Person Tracking 0.484 0.061 0.289 0.070 0.041
Person Tracking2 0.626 0.078 0.463 0.071 0.056
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Placing No Box2 0.177 0.021 0.141 0.020 0.022
Placing No Box3 0.256 0.058 0.174 0.051 0.043
Placing O Box ~ 0.330 0.225 0.571 0.324 0.177
Removing No Box 0.136 0.016 0.041 0.020 0.017
Removing No Box2 0.129 0.021 0.111 0.025 0.025
Removing O Box 0.334 0.291 0.222 0.314 0.197
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Tab.2 Comparison of absolute trajectory error of TUM
dataset (m)

J7-31) DS REY Rigid™” AF®" OURS

Sitting Static 0.007 0.011 0.019 0.028 0.006
Sitting XYZ 0.015 0.026 0.054 0.021 0.014
Sitting Halfsphere 0.028 0.038 0.129 0.035 0.019
Walking Static ~ 0.007 0.014 0.018 0.011 0.007
Walking XYZ  0.017 0.074 0.090 0.025 0.015
Walking Halfsphere 0.026 0.048 0.076 0.035 0.027
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Fig.4 Diagram of Absolute trajectory error comparison
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Tab.3 Comparison of Absolute Trajectory Errors for

Different Strategies in the Bonn Dataset (m)
J¥ 5 EXVI'S BRI

Balloon 0.028 0.028
Balloon2 0.029 0.029
Balloon Tracking 0.049 0.041
Balloon Tracking2 0.089 0. 059
Moving No Box 0.035 0.025
Moving No Box2 0.042 0.037
Moving O Box 0.262 0.262
Moving O Box2 0.134 0.134
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