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ABSTRACT: To address the critical issue of cumulative error growth in LIDAR/IMU odometry

during long-distance autonomous navigation, a LIDAR/IMU/GPS multi-sensor fusion localiza-
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tion method based on consensus—adaptive random sample consensus (CA-RANSAC) was pro-
posed. The proposed method adopted a three-module framework. The front—end fusion module
employed a variational Bayesian—based single-iteration invariant extended Kalman filter (VB-
SIEKF) to achieve high—precision fusion of LIDAR and IMU data, providing odometry con-
straint factors for back—end optimization. An intermediate loop detection module constructed an
efficient point cloud descriptor through cylindrical region segmentation, and applied principal com—
ponent analysis for dimensionality reduction. The adaptive threshold adjustment mechanism of
CA-RANSAC significantly enhanced the accuracy and robustness of the loop closure detection. A
back—end optimization module established a global factor graph optimization model that integrated
GPS factors, IMU preintegration factors, loop closure detection factors, and LiDAR /IMU
odometry factors, solving a globally consistent pose sequence through nonlinear optimization. Ex—
tensive comparative experiments on multiple representative scenarios from the KITTI dataset
demonstrate that, compared with the LIDAR/IMU odometry method using only VB-SIEKF and
traditional RANSAC-based fusion method, the proposed method reduces the root mean square er—
ror of position by 66.8%. 67.5%. 66.2% and 49.4%. 50.6%. 52.1%, respectively,in three sce-
narios. The loop closure detection success rate exceeds 86.7%, and the mismatch rate is main—
tained within 9.2%, fully validating the practicality of the proposed method.

KEYWORDS: f{usion localization; factor graph optimization; loop closure detection; random

sample consensus
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Table 1 Statistics of vehicle position errors in different
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Table 2 Statistics of vehicle relative pose errors in
different testing scenarios
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Table 3 Statistics of vehicle loop closure detection success
and mismatch rates in different testing scenarios
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