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Research on global positioning algorithm based on
keyframe mapping for LiDAR
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Abstract: For autonomous mobile robots, achieving high—precision autonomous localization is one of the key tasks. This paper
presents a global localization algorithm based on key frame mapping that extracts feature descriptors. Firstly, the algorithm filters
point cloud data based on cumulative translation and changes in rotation angles, selecting point clouds with richer information that
can better describe environmental features and structures, thereby reducing the amount of required data processing. Next, the
algorithm employs the ORB ( Oriented FAST and Rotated BRIEF) method to extract feature points and descriptors from the map,
comparing maps through matching. Additionally, the algorithm utilizes the RANdom Sample Consensus ( RANSAC) method to
filter out erroneous matches, improving matching accuracy and localization robustness while minimizing the impact of noise.
Finally, the KAISTO3 and Riverside02 datasets are used to validate the global localization performance of the algorithm. The results
indicate that the randomly selected point cloud data can effectively match the nearest keyframe, with both translation and rotation
errors close to zero, demonstrating excellent localization performance.
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Fig. 1  Framework of global localization algorithm based on

keyframe using LiDAR
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Table 3 Comparison of performance metrics of different algorithms on the KAIST03 and Riverside(2 datasets
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