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Abstract: Autonomous Vehicles (AVs) achieve precise per-
ception of their surroundings through sensors such as Light
Detection and Ranging (LiDAR).

weather conditions,

However, in adverse
LiDAR is susceptible to noise caused by
suspended particles in the air, such as raindrops, snowflakes,
and fog, which degrades the vehicle’ s perception capabilities
and poses a threat to passenger safety. To address this issue,
point cloud denoising techniques have been applied to LIDAR
sensors. By leveraging these techniques, LiDAR can obtain
higher-quality point cloud data, thereby enhancing the vehi-
cle’ s perception capabilities. To address the key technical
challenge of point cloud denoising for LiDAR under adverse

weather conditions, this paper draws on our recent research

findings and incorporates mainstream research advances from

SIRARK: wil, HER BER, LT BLHRAT P40 HE X

the past decade to introduce public datasets of point clouds col-
lected under adverse weather conditions. It provides a detailed
analysis of point cloud denoising methods, categorized into fil-
ter-based and deep learning-based approaches. Lastly, it ana-
lyzes the current challenges and future research directions in
point cloud denoising.

Key words: autonomous driving; LiDAR; point cloud de-

noising; adverse weather
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Fig.1 Chronological Overview of Point Cloud Datasets in
Adverse Weather
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Tab.1 Summary of Point Cloud Datasets for Autonomous Driving in Adverse Weather Conditions
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Fig.2 Chronological Overview of Filter-Based Point Cloud
Denoising Methods
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