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Abstract : Object detection is one of the most crucial functions for autonomous driving because path planning, obstacle
avoidance, and numerous other functions rely on the acquired information regarding the positions of objects on the road. To
enable accurate object detection, numerous works utilize lidar as the primary sensor since it can accurately acquire 3D
measurements and it is robust to adverse environmental conditions such as poor illumination. In this work, we aim to
comprehensively review deep learning-based object detection using lidar, which has shown remarkable detection
performance on various datasets. First, we explain the general concepts of deep learning-based lidar object detection along
with the datasets and benchmarks that are commonly used in existing works. We then thoroughly discuss the latest
state-of-the-art neural networks for lidar object detection. Finally, we provide suggestions on how to employ these networks
in an autonomous driving system.
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Fig. 1 Deep learning based computer vision examples
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Fig. 2 KITTI, SemanticKITTI and K-Lane dataset examples
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Detection Head
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Fig. 3 Deep learning based lidar object detection neural network overall structure. As shown in the figure, the lidar object
detection neural network extracts features in four major ways. After that, it can be divided into the single stage method
that outputs a 3D bounding box directly through the detection head and the two stages method that additionally makes
boxes more precisely with the refinement stage
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4.2.1 O|0|Z| A YAl (Image projection based method)
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Fig. 4 Examples of image projection based method inputs
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Fig. 6 Implementation of SA layers. Using the FPS algorithm,
yellow points are selected as sampling points. After
that, PointNet++ encoder extracts representative features
of points within a specific range
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Fig. 7 Implementation of FA layers. FA layers concatenate
SA layers output points and raw points and then
interpolate the semantic features of raw points from 3
nearest SA layers key points
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Fig. 8 PV-RCNN(Point, Voxel-based method) overall structure. Voxel representative features are generated with voxel based
method, SECOND. In addition, key point representative features are extracted with point based method and

concatenated into fused feature maps which are including various information within the receptive field. With fused
feature maps, the refinement stage outputs precise 3D bounding boxes utilizing SA layers with fixed grid points which
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Table 2 A table of lidar object detection network evaluation on KITTI car 3D object detection

KITTI Evaluation Car 3D AP Time (5 Stage Voar CDHJ%;T‘E;? or
Easy Moderate Hard
Image-Projection based
MV3D 74.97 63.63 54.00 0.36 2 2017 CVPR
BirdNet 40.99 27.26 25.32 0.11 2 2018 ITSC
BirdNet+ 70.14 51.85 50.03 0.1 2 2020 ITSC
Voxel-based
VoxelNet 77.47 65.11 57.73 0.23 1 2018 CVPR
SECOND 83.13 73.66 66.20 0.05 1 2018 Sensors
PointPillars 82.53 74.31 68.99 0.016 1 2019 CVPR
Fast-PointRCNN 85.29 77.40 70.24 0.065 2 2019 ccv
Point-based
PointRCNN 86.96 75.64 70.70 0.1 2 2019 ccv
STD 87.95 79.71 75.09 0.08 2 2019 Iccv
3DSSD 88.36 79.57 74.55 0.038 1 2020 CVPR
Point,Voxel-based
PV-RCNN 90.25 81.43 76.82 0.08 2 2020 CVPR
PV-RCNN++ 90.14 81.88 77.15 0.062 2 2021
Pyramid R-CNN 88.39 82.08 77.49 0.13 2 2021 ICcCcvV
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a) Image and point cloud data in

normal weather condition
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d) Noise data due to
heavy snow
(white circle)

Fig. 9 Point cloud data comparison between normal weather
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