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Abstract

Aiming at the requirements of autonomous positioning and navigation of UAVs in complex environ-
ments (such as indoor, night, and dynamic scenes) where GPS signals are lost or unavailable, an opti-
mization method for high-performance visual inertial odometer (VIO) system is proposed and imple-
mented. The system integrates the data of the vision sensor and the inertial measurement unit (IMU)
to obtain the final UAV pose information, but the traditional visual inertial odometer method is sus-
ceptible to weak texture, dynamic lighting, non-Gaussian noise and appearance changes. The method
uses CLAH local adaptive histogram equalization and Gamma correction algorithm to enhance the im-
age at the front end of the image, which effectively improves the image quality in low-light and low-
texture scenes. At the same time, the GFTT BRISK combined feature extraction strategy is introduced
to improve feature stability and matching robustness. In the back-end optimization module, the Neu-
ral Radiation Field (NeRF) geometry enhancement module is introduced to provide depth priors for
each feature point, helping the optimizer to restore more accurate and stable 3D structure estimation
in weak textures and dynamic scenes. Through the public dataset EuRoc test, the experimental results
show that the system will perform better in positioning, mapping and real-time performance in more
complex environments after the improved algorithm.
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Figure 1. Overall framework diagram of the system
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Figure 2. Schematic diagram of GFTT + BRISK feature detection and matching
2. GFTT + BRISK #4235 LA R = E
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Table 1. Comparison of absolute trajectory root mean square error of algorithm
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MH_01 0.255499 4325622 0.248064 3.961001 2.91% 8.43%
MH_02 0.205331 3.654905 0.204469 3.796471 -19.06% -3.87%
MH_04 0.407661 4.152358 0.401037 4.478853 1.63% ~7.86%
V1 01 0.245503 8.050611 0.239942 8.393355 2.27% ~4.26%
V1 02 0.517003 13.234568 0.499081 13.548226 3.47% -2.37%
V1 03 0.429837 12.87 0.397423 13.299286 7.54% —3.34%
V2 01 0.19561 5.315078 0.20462 5.691085 —4.61% -7.07%
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V2 03 0.532300 11.530759 0.451518 11.189953 15.18% 2.96%
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Figure 7. Comparison of the lines of rotation errors on V2 03 datasets
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