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Abstract

Title: Observability Analysis and Performance Evaluation for Navigation Systems on Matrix

Lie Groups
Student: Shu-Hua Tsao
Advisor: Shau-Shiun Jan

This dissertation explores the use of expressing system states on matrix Lie groups with as-
sociated uncertainties on Lie algebras. In particular, we demonstrate the effectiveness of this
mathematical too! by applying it to three realistic applications with observability analyses.
In thé first application, we proposed an extended Kalman filter (EKF)-based visual-inertial
odometry (VIO) with different strategies of uncertainty perturbations. Experimental results
demonstrate that the right-invariant (RI)-based VIO achieved the best performance. This
can be attributed to the system’s ability to remain consistent even when evaluating Jacobians
using the most recent state estimates. In the second application, we extended a common
technique in the factor graph optimization (FGO)-based VIO frémeworks, namely inertial
measurement unit (IMU) preintegration using the RI state error. Consistency tests and lo-
calization performance evaluations demonstrate the effectiveness of integrating the proposed
IMU preintegration factor into FGO-based VIO frameworks. In the third application, we
improved the robustness of VIO With aiding measurements from global navigation satellite
systems (GNSS). We present the improved performance due to the complementary character-
istics obtained from pseudorange and Doppler shift observations, respectively. Finally, we
presented real-world data sets collected from a low-cost device, i.e., smartphone. We first
implement an Rauch—Tung—Striebel (RTS) marker-based algorithm on matrix Lie groups to
calibrate the necessary parameters. Additionally, we verify the theoretical analyses and lo-
calization performance for the implemented estimators using experimental results from self-

collected data sets.

Keywords: State estimation, observability analysis
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