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Object 3D position estimation based on instance segmentation
LIU Chang-ji"'*, HAO Zhi-cheng'?*, YANG Jin-cheng’, ZHU Ming'?, NIE Hai-tao'
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Abstract: The difficulty of 3D target detection in practical engineering applications lies in the high
price of depth perception equipment, poor point cloud quality, lack of rich texture information, diffi-
culty in creating 3D data training sets. This paper proposes a three-dimensional target position estima-
tion method based on instance segmentation. It can be used in a variety of sensors, such as camera-ra-
dar, binocular camera, etc. Firstly, the target segmentation is performed under the two-dimensional
image, the target’s depth image are extracted and RGB image according to the target segmentation
mask, and it is converted into a rough point cloud. Finally, the abnormal noise points is removed to

obtain a fine target point cloud. Tested on the KITTI data set, the AP can reach 50%. The results
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show that this method can accurately estimate the target location information. The method proposed
in this paper does not need 3D data training set can quickly and accurately extract the point cloud of
three-dimensional objects, and only use a two-dimensional detector to achieve the purpose of three-di-
mensional object detection.

Key words: point cloud segmentation; 3D object detection; instance segmentation; anomaly detection;

position estimation; deep learning
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Tab.2 AP on KITTI dataset with different IOU threshold %)
10U
Task

0.1 0.2 0.3 0.4 0.5 0.6 0.7
Car Easy 71.67 56.21 41.24 29.29 17.56 7.28 2.48
Car Moderate 67.88 52.67 38.51 27.44 16.49 6.82 2.36
Car Hard 61.93 47.94 34.05 23.28 13.75 6.6 2.2
Pedestrian Easy 64.46 43.93 17.98 5.95 1.2 0.144 0.01
Pedestrian Mod 58.01 38.86 16.76 5.11 0.86 0.152 0.01

Pedestrian Hard

51.83

33.36

14.36

0.86

0.152

0.01
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Tab.3 Performance comparison on KITTT dataset %)
Method Benchmark Easy Moderate Hard DI 25 8048 e A% X
Car (Detection) 69.46 64.41 51.89
Car (3D Detection@IOU:0.2) 56.21 52.63 47.94
Ours 2D
Pedestrian (Detection) 65.68 59.11 52.56
Pedestrian(3D Detect@IOU;0.2) 43.93 38.86 33.36
Car (Detection) 95.85 95.17 85.42
Car (3D Detection) 81.20 69.79 60.59
F-PointNet'* 2D+3D
Pedestrian (Detection) 89.83 80.13 75.05
Pedestrian (3D Detection) 51.21 44.89 40.23
Car (Detection) 91.92 84.16 79.62
) Car (3D Detection) 55.93 47.34 42.60
Complex-YOLO! 3D
Pedestrian (Detection) 42.16 36.45 32.91
Pedestrian (3D Detection) 17.60 13.96 12.70
Point R-CNN!2] Car (3D Detection) 85.94 75.73 68.32
3D
(LiDAR only) Pedestrian (3D Detection) 49.43 41.78 38.63
MV3D:2 Car (3D Detection) 74.97 63.63 54.00 3D

@EHE QIR
(a) Ground truth (b) Detect result

O  ORmER
(c) Ground truth (d) Detect result

P12 7E KITTI b AR 25 2R 5 BAE X
Fig.12 Detection results vs. ground truth on KITTI
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Fig.14 Detection results of KITTI dataset
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