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Overview of Visual Inertial Odometry Technology Based on Deep Learning
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Abstract: Visual inertial odometer can well realize the complementary advantages of vision and inertial sensors,
and obtain high precision 6-DOF navigation and positioning, so it has a very wide range of applications. However,
the errors of sensors themselves, the disturbance of abnormal visual environment, and the space-time calibration
errors between multi-sensor will interfere with the navigation results, leading to the decline of navigation accuracy.
In recent years, the deep learning method is developing rapidly. With its powerful data processing and prediction
ability, it provides a new direction for the development of visual inertial odometer. This paper reviews the main
development achievements of deep learning-based methods. First of all, according to the fusion mode, the research
methods are summarized, which are divided into the method combining deep learning with traditional models and
the end-to-end method based on deep learning. Then, according to the type of deep learning, visual inertial odometer
can be divided into supervised learning and unsupervised/self-supervised learning methods, and the model structures
of these methods are described respectively. Next, the optimization and evaluation methods of the system are
summarized, and the performance of some of them is compared. Finally, this paper summarizes the key and difficult
problems that need to be solved in this field, and looks forward to the future development.
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Fig.3 Basic framework for supervised VIO
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EuRoC MAV"™ 2016 =W MAV HOGEL Vicon SIEIE R 4t XA 5 6DoF v %
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ADVIO®! 2018 EWN/EH TRk & P RES N AR LN 6DOF {3 %
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CVG ZJu® 2019 =W TR Vicon ZIEHli it R4t 6DoF i %
AQUALOC™ 2019 KT WK s SEM B T o 5 6DOF {1 %
NEAR™ 2019 E40) FHRFHL B R R R G0 6DoF i %
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UMA-VI®" 2020 E N/ TR SM BT 42 6DoF i %
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CUHK-AHU™" 2020 EN/EH 2R FETEM SLAM AR 6DOF {3 %
VIODE™ 2021 EN/E4b L UAV RS 6DOF {1 %%
HAUD™ 2021 KT TR Vicon SIEHIE R 4¢ 6DOF 1%
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Table 3 Comparison of deep learning-based

VIO methods
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ZEIITE 0.06
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