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The Online Correction of IMU Biases for Visual-
Inertial Navigation

ZHANG Chao, WANG Fang, LI Nan

(Aerospace Science &. Industry Intelligent Robot Company Limited, Beijing 100074, China)

Abstract: The IMU (Inertial Measurement Unit, here refers to gyroscopes and accelerometers) bia-
ses are the major factors affecting the accuracy of inertial navigation system. Accurate real-time
estimation of IMU biases can improve the integration accuracy of IMU, better predict the position
and attitude for camera and improve the dynamic performance of the navigation system. The noise
model of IMU and visual-inertial combined models are properly developed. The equations of IMU
biases are linearized through preintegrating IMU measurements based on Lie group and Lie alge-
bra, and IMU biases are estimated by using the Kalman filter. The experimental results show that
the accuracy of inertial navigation system is improved obviously. The average accumulation error
of inertial navigation system is increased from 0.034m/s to 0.0037m/s, and the accuracy is im-
proved obviously.
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Fig. 1 Diagrammatic sketch of pinhole camera model
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Fig. 2 Model of visual-inertial navigation
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Fig. 3 Linearization of the visual-inertial navigation model
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Fig. 8 Estimation results of accelerometer biases
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