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Visual/inertial navigation method for unmanned system
with dynamic feature removal
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(1. Beijing Key Laboratory of Intelligent Logistics System, Beijing Wuzi University, Beijing 101149, China;
2. Digital Navigation Center, Beihang University, Beijing 100191, China)

Abstract: To reduce the impact of dynamic environment on the localization accuracy and stability of visual/inertial navigation system, a
dynamic feature removal visual/inertial navigation method is proposed in this paper. Based on the VINS framework, this method uses
structural similarity as the cost volume to generate an end-to-end network for dynamic regions detection. Symmetric optical flow screening
is then performed on the identified dynamic regions to remove non-consistent outliers and further eliminate dynamic features that affect
localization. The cost function is constructed by fusing visual and inertial measurements, and the nonlinear optimization method is used
to estimate the unmanned system states effectively. The experimental results show that the visual/inertial navigation method with dynamic
feature removal has good localization accuracy and stability, the position root mean square error is 0. 081 and 1.982 m on EuRoC
publicly available datasets and real scenario data respectively, which is only 35.5% and 24.9% of VINS. This method can provide
accurate position information in complex application environment, and has good practical value in the navigation of low-cost unmanned
systems.
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Fig. 1 Network model of dynamic regions detection
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Fig.3 Feature detection results of fusion points and lines
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detection
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Fig. 4 Results of dynamic regions detection
(frame 1 110 in “MH_01" datasets)
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detection
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Fig.5 Results of dynamic regions detection

(frame 1 801 in “MH_01" datasets)
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Table 1 The position RMSE of four different

methods on EuRoC datasets (m)
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MH_01 0.183 0.112 0.083 0.058
MH_02 0. 241 0.229 0. 101 0.097
MH_03 0.314 0.133 0. 146 0. 094
MH_04 0.272 0.163 0.119 0. 089
MH_05 0. 361 0.225 0.122 0. 062
V1_01 0. 167 0. 184 0. 068 0.074
V1_02 0.185 0. 096 0.139 0.043
V1_03 0. 202 0.188 0.158 0. 097
V2_01 0. 086 0. 101 0.053 0. 039
V2_02 0.199 0.117 0.110 0.076
V2_03 0.302 0.161 0. 182 0.126
F-HME 0.228 0.153 0.116 0. 081
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