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Indoor robot semantic VI-SLAM based on feature fusion and
dynamic background removal

WANG Lipeng, WANG Xiaochen, QI Yao, ZHANG Jiapeng
( College of Intelligent Systems Science and Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: An indoor robot semantic VI-SLAM algorithm based on feature fusion and dynamic background removal is
proposed to improve the positioning accuracy of indoor robots in dynamic scenes and build a three-dimensional (3D) se-
mantic map with rich details. The framework of the ORB-SLAM3 algorithm is improved, and a VI-SLAM algorithm for
real-time construction of 3D dense point cloud maps is designed. The algorithm fuses target recognition algorithms
YOLOVS and VI-SLAM to obtain two-dimensional (2D) semantic information. Dynamic features are then removed by
combining the 2D semantic information with the epipolar constraint principle. Subsequently, the 2D semantic informa-
tion is mapped into a 3D semantic tag, constructing a 3D semantic map by fusing the semantic features with the point-
cloud features. Finally, experiments in 3D semantic map construction were conducted in indoor scenes using public data
sets and a mobile robot platform. Results verify the feasibility and effectiveness of the semantic VI-SLAM algorithm in
dynamic environments.

Keywords: indoor robot; VI-SLAM; feature dynamic removing; semantic map; feature fusion.; dense point cloud; point

cloud segmentation; dynamic scene
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Table 2 Root-mean-square error table for each system

m

A OKVIS VINS-Fusion ORB-SLAM3 A& 45¢

V1 02 medium 0.200 0.129 0.048 0.061
V1 03 difficult 0.240 0.188 0.071 0.069
V2 01 easy 0.178 0.127 0.061 0.060
V2 02 medium 0.193 0.143 0.083 0.054
V2 03 difficult 0.319 0.237 0.208 0.287
R[N 0.271 0.165 0.094 0.106
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Table 3 Table of error indicators in each dynamic scenario

BEsE RMSE Median Std Mean
s_halfsphere 0.022 0.018 0.010  0.019
s_rpy 0.026 0.022 0.011  0.024

s static 0.006 0.004 0.003  0.005
w_half 0.021 0.017 0.010  0.018
w_rpy 0.033 0.022 0.019  0.027
w_static 0.006 0.005 0.002  0.005
W _Xyz 0.020 0.016 0.009  0.018
FEE 0.019 0.015 0.009  0.017
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