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Research on LiDAR Odometry Localization Algorithm by
Filtering Based on Inflection Points of the Trajectory

720U Yunzhen, ZHAO Wei, XU Shuchen, SUN Yongrong

(College of Automation Engineering. Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)

Abstract: In a GPS-denied environment, LiIDAR Odometry(LLO) can utilize frame-to-frame matc-
hing to track vehicles to achieve localization, but it’s impossible to use LO for a long time because
of its error accumulation over time. To solve the error accumulation problem of LLO, a lightweight
map called OSM is introduced. Based on the particle filter framework, 1.O is used as the input of
the motion model, the inflection points are extracted through two screenings, the inflection point
matching is applied to complete the alignment with the map, and the mean value of the particles is
chosen as the corrected position of the vehicle to realize the error correction of localization. A new
particle weight model is proposed, and the similarity models and measurements of different nodes
are used as the update basis of particle weight. In this way, the wrong association between the in-
flection points and the road network nodes, which may lead to an increase of localization error, can
be avoided. By testing on the KITTI dataset, it is verified that the algorithm can effectively over-
come the LO error drift problem, and the localization accuracy is improved by at least 49.22%
compared with the original LO, with better real-time performance.
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Fig. 1 System frame diagram of particle filter based on road network nodes
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Fig. 3 Inflection points extracted after fine screening
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Tab. 1 Algorithm comparison of KITTI sequences
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