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Research on Lidar filtering algorithm for rainy and snowy weather

Chen Xiyuan,Ge Mingming, Yao Zhiting,Zhou Yunchuan
(School of Instrument Science and Engineering, Southeast University ,Nanjing 210096, China)

Abstract : In bad weather such as rainy and snowy, the performance of LiDAR can be seriously affected due to the block of rain and
snowflakes, which brings great difficulties to 3D target detection. Aiming at this problem, a dynamic outlier filtering algorithm based on the
Mahalanobis distance is proposed. First, by establishing the KD tree, the Mahalanobis distance of outlier points is calculated to remove
snowflakes noise with different Euclidean distances. After the verification of the Canadian Adverse Driving Conditions open Dataset and
practical experiments, the accuracy of the filtering algorithm proposed in this paper is improved by 7. 88% and 7. 72% relatively, compared
with the DROR filtering algorithm in medium and heavy snowy weather. In practical rainy experiments, the algorithm proposed in this study
exhibited a relative improvement of 10% precision compared to the DROR filtering algorithm. For target detection applications, the
detection accuracy of vehicle and pedestrian detection via the filtering algorithm is also improved by 19.26% and 20.39% relatively,
compared to the algorithm using only Pointpillars, which verifies the effectiveness of this method in dataset and real experimental scenarios.

Keywords ; snowy weather; pointcloud filtering; LiDAR; 3D target detection
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Fig.2 Pointcloud filtering procedure principle
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Fig.4 Pointcloud processing method at different distances
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Fig. 6 Pointcloud detection procedure
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Fig. 8 Pointcloud in four different scenes
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Fig. 9 Snowflake distribution at different Euclidean distance
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