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An IMU-Centric Multi—Sensor Fusion SLAM Method with Adaptive
Elimination for Visually Degraded Scenarios

WAN Jiaying, HU Xinrong
(College of Computer and Artifical Interligence, Wuhan Textile University, Wuhan 430200, China)

Abstract: To address the issue of degraded localization accuracy or even positioning failure in autonomous vehicles under visually degraded
environments, this paper proposes an IMU-centric Global Navigation Satellite System (GNSS) —visual-LiDAR-IMU multi-sensor fusion
SLAM system (ICAE-SLAM). The overall system framework is designed with three subsystems: the Visual-IMU system (VIS), the LIDAR-
IMU system (LIS), and the GNSS-IMU system (GIS). First, the IMU mechanization process is designed to provide precise prior attitude in-
formation to both VIS and LIS, where the IMU-centric assistance in the initialization of other subsystems. Subsequently, observations from
IMU, visual, LiDAR, and GNSS are transformed into error factors for constructing a multi-sensor fusion factor graph model. Finally, to tackle
the high computational load in the back—end optimization process, an adaptive elimination method is adopted within the sliding window to con-
vert the factor graph into a Bayesian network. Tested on the KITTI and M2DGR datasets, the proposed method achieves average trajectory er-
rors of 2.379 m and 2.699 m, respectively, with an average CPU utilization rate of 31.9%. Compared to VINS-Mono, LIO-SAM, LVI-SAM
algorithms, the localization accuracy is improved by 77.26%, 19.78% and 45.75% on average, respectively.
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Fig.1 The ICAE-SLAM algorithm framework
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Fig.3 The factor graph framework of ICAE-SLAM
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Fig.7 Comparison of trajectories of different algorithms on the KITTI and M2DGR datasets
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