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Plane Detection and Projection-based Filter for Enhanced Moving
Object Segmentation in 3D LiDAR Environments
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Abstract

With the rapid advancement of autonomous driving technology, ensuring the accuracy of Moving Object
Segmentation(MOS) using 3D LiDAR data has become a critical component in autonomous systems. Autonomous
vehicles must accurately perceive their surroundings and quickly assess the position and motion of objects, making
the precision of MOS essential for the safety of drivers and passengers. However, previous studies have identified
issues where static objects, such as shadowed areas, are misclassified as moving objects, potentially leading to system
misjudgments. This study proposes a method that leverages plane detection and projection distance analysis to
effectively eliminate static objects, such as shadows, in 3D LiDAR environments. The proposed approach is expected
to enhance the reliability of environmental perception in autonomous driving systems, ultimately contributing to the
safety and robustness of autonomous vehicles.
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F|g 1. Enhancement process of moving object segmentation based on plane detection

(a) Result of misclassifying shadow areas as moving objects in LIDAR data, (b) RANSAC-based plane detection result,

(c) Simple intersection of moving object segmentation and plane detection results,
(d) Result of the proposed method, removing shadow areas while preserving the dynamic characteristics of wheels and feet
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Fig. 2. Comparison between removal targets (shadow
areas) and non-removal targets (points near the ground of
dynamic objects)
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Table 1. loU enhancement for different MOS methods

Methods loU(%)
LMNet(N=1) 52.0
LMNet(N=1) + proposed filter 60.7
LMNet(N=8) + proposed filter 62.6
LMNet(N=8+Semantics) 62.5
LMNet(N=8+Semantics) + proposed filter 65.1
4DMOS 65.2
4DMOS + proposed filter 715
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