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Joint 3D instance segmentation and target detection for autonomous driving
ZHAO Lu, SONG Xinping, YAO Zhenxin
(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201600, China)

[ Abstract] In order to improve the accuracy and efficiency of target detection in autonomous driving, a simple and practical
detection framework is proposed in this paper to jointly predict 3D BBox and instance segmentation, achieving a good balance
between accuracy and efficiency. First, the point cloud is obtained by fused sampling and the backbone network is used to extract
local features and global context information. Then, two branch networks are designed to predict the semantic label and offset to
move each point to its respective instance center. Based on the results of the previous stage, object suggestions can be generated
based on a simple clustering strategy. For each cluster, only one suggestion is generated and the non-maximum suppression (NMS)
process is no longer needed here. Finally, our proposed method based on key points is applied to optimize the 3D BBox of each
proposal. This is done by voting the points on the same instance as their target key points, and then applying the least squares fitting
algorithm to the predicted key points. The experimental results on the public KITTI dataset show that compared with other methods
based on feature embedding, the proposed method can significantly improve the instance segmentation results. At the same time, it is
also better than most 3D object detection on the KITTI test benchmark.
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Fig. 1 Example of 3D instance segmentation and object detection from LiDAR point cloud
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Fig. 2 Joint instance segmentation and 3D BBoxes regression frame diagram
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Fig. 3 Based on the basic facts of instance segmentation generated by KITTI 3D BBox annotations
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Fig. 4 Evaluation results of different two —stage methods on the
KITTI 3D object detection test set
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Tab. 1 The performance comparison with other methods on the KITTI test server
BEV(0.5) 3D(0.7)
Method Modality FPS
Easy Moderate Hard Easy Moderate Hard
One-—stage

VoxelNet LiDAR 87.95 78.39 71.29 77.82 64.17 57.51 4.4
ConFuse LiDAR+RGB 94.07 85.35 75.88 83.68 68.78 61.67 16.7
SECOND LiDAR 89.39 83.77 78.59 83.34 72.55 65.82 20
PointPillars LiDAR 90.07 86.56 82.81 82.58 74.31 68.99 42
SA-SSD LiDAR 95.03 91.03 85.96 88.75 79.79 74.16 25
HVNet LiDAR 92.83 88.82 83.38 87.21 77.58 71.79 31

Point-GNN LiDAR 93.11 89.17 83.9 88.33 79.47 72.29 2
3DSSD LiDAR 94.64 90.81 86.35 88.36 79.57 74.55 25

Two-stage

Mv3D LiDAR+RGB 86.49 78.98 72.23 74.97 63.63 54.00 2.8
F-PointNet LiDAR+RGB 91.17 84.67 74.77 82.19 69.79 60.59 5.9
AVOD LiDAR+RGB 89.75 84.95 78.32 76.39 66.47 60.23 10

PointRCNN LiDAR 92.13 87.39 82.72 86.96 75.64 70.70 -
F~ConvNet LiDAR+RGB 91.51 85.84 76.11 87.36 76.39 66.69 2.1
FastPointRCNN LiDAR 90.87 87.84 80.52 85.29 77.40 70.24 15.4
MMF LiDAR+RGB 93.67 88.21 81.99 88.40 77.43 70.22 12.5
STD LiDAR 94.74 89.74 86.42 87.95 79.79 74.16 25
PV-RCNN LiDAR 94.98 90.65 86.14 90.25 81.43 76.82 12.5
Ours LiDAR 95.15 90.55 87.30 90.10 82.56 77.25 10.5
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Fig. 5 Three examples of joint instance segmentation and 3D object detection on the KITTI benchmark
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Fig. 6 3D key point visualization
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