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Window-Optimization-based Range-IMU Localization on a 3D Prior Environmental Map
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This paper presents a robust sensor localization method on a 3D prior environmental map based
on sliding window optimization of tightly coupled LiDAR and IMU constraints. The proposed method
directly fuses point cloud registration constraints between consecutive frames, registration constraints
with respect to the map point cloud, and preintegrated IMU constraints on a sliding window factor
graph. The experimental results show that the proposed method is extremely robust to quick sensor

motion and incomplete maps.
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Fig.1: Proposed factor graph. The proposed method di-
rectly fuses point cloud registration constraints between
consecutive frames, registration constraints with respect
to the map point cloud, and IMU constraints on a sliding

window factor graph.
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Fig.2: Experimental environment.
bustness to the lack of map points, we removed all the
points out of the region indicated by the dashed rectan-
gle.
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Fig.3: Estimated trajectories. The existing methods got
corrupted when the sensor moved out from the map re-
gion. The proposed method successfully estimated the
sensor trajectory through the region where points were

completely removed.
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