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Abstract: High-precision 3D Object Detection is a crucial component within autonomous driving
systems, with far-reaching implications for subsequent tasks like multi-object tracking and path planning.
In this paper, we propose a novel approach designed to enhance the performance of 3D Object
Detection, especially in heading angle estimation by employing a moving object segmentation technique.
Our method starts with extracting point-wise moving labels via a process of moving object segmentation.
Subsequently, these labels are integrated into the LiDAR Pointcloud data and integrated data is used as
inputs for 3D Object Detection. We conducted an extensive evaluation of our approach using the
KITTI-road dataset and achieved notably superior performance, particularly in terms of AOS, a pivotal
metric for assessing the precision of 3D Object Detection. Our findings not only underscore the
positive impact of our proposed method on the advancement of detection performance in lidar-based
3D Object Detection methods, but also suggest substantial potential in augmenting the overall perception

task capabilities of autonomous driving systems.
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[Fig. 1] Pointcloud (up) and image (down) in the urban environment

[Fig. 2] Raw Pointcloud (left) and moving objects’ Pointclouds
segmented using MOS (right)
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[Table 1] PointPillars setup

Parameter Value
Xy resolution (m) 0.16
max number of pillars 16000
max number of points per pillar 32

[Table 2] Anchor box setup for region proposal network

Parameter Value

Pointcloud
omieloud range [0, -39.68, -3, 69.12, 39.68, 1]

(mmin’ymin7Zmin’xmax’ymax72max)

Anchor size (z,y,z) [3.9, 1.6, 1.56]
Anchor rotations (rad) 0~1.57
Matched threshold 0.6
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[Fig. 4] (a) Performance of the proposed algorithm using KITTI-
road dataset and (b) using SemanticKITTI dataset
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[Table 3] Description about KITTI evaluation detection metrics

Evaluation

. Description
metrics

An evaluation metric that assesses the Intersection over
Union (IoU) between the projected 3D bounding box
onto the image plane and the ground truth bounding
box of the actual object.

BBOX

An evaluation metric that assesses the loU between the
projected 3D bounding box onto the Bird’s Eye View
plane and the ground truth bounding box of the actual

object.

BEV

An evaluation metric that assesses the IoU between the

3D 3D bounding box and the ground truth bounding box.

An evaluation metric that calculates the cosine
AOS | similarity of the heading angles between the predicted
bounding box and the ground truth box.
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detection part to SECOND

Dataset Method B(BA(;;( AOS
[Fig. 5] Qualitative results of our algorithm. Green box means
result of MOS + PointPillars, blue box means result of ground KITTI-road SECOND 94.88 61.89
truth and red box means result of PointPillars MOS+SECOND 95.11 62.16
[Table 5] Dependency on MOS quality. A means the difference from result of PointPillars
Dataset Method BBOX AOS 4
(AP) BBOX AOS
PointPillars 84.02 55.20 0 0
KITTI-road MOS+PointPillars 91.96 61.14 +7.94 +5.94
GT+PointPillars 93.97 62.36 +9.95 +7.16
PointPillars 82.24 46.87 0 0
Semantic KITTI MOS+PointPillars 84.34 48.03 +2.1 +1.16
GT+PointPillars 89.42 49.96 +7.18 +3.09
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