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3D point cloud target detection based on improved PointRCNN
ZHENG Meilin, GAO Jianling
(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] Aiming at the problem that PointRCNN (3D Object Proposal Generation and Detection from Point Cloud) is difficult
to extract distinctive features in the face of irregular point cloud, a method of point ANN (3D Object Proposal Generation and
Aggregation Neural Network ) is proposed. The whole framework is divided into two stages. The first stage is to generate 3D
suggestions from bottom to top, and the second stage is to implement the sensing point cloud collection operation of the proposed
ROI, and in the process, the research groups the point cloud information in each 3D scheme, then improves the 3D suggestions in
coordinates. The ROI aware point cloud aggregation module is introduced to eliminate the fuzziness of region merging on the point
cloud, so as to extract different features more easily. It is proved on KITTI data set that the improved point ANN method has higher
accuracy in 3D point cloud target detection than other networks.
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Fig. 2 Schematic diagram of Rol-aware point cloud feature pool
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Tab. 1 Performance evaluation ( test segmentation) on KITTI 3D object detection test server

Car (loU = 0.7)

Pedestrian (IoU = 0.5)

Method Modality

Easy Moderate Hard Easy Moderate Hard

MV3D RGB+LiDAR 72.08 63.40 56.21 — — —

UberATG—ContFuse RGB+LiDAR 83.65 67.32 65.14 — — —
AVOD-FPN RGB+LiDAR 82.65 72.15 67.05 50.45 43.05 41.92
F-PointNet RGB+LiDAR 82.21 71.06 63.01 51.36 44.92 42.02
VoxelNet LiDAR 78.18 66.06 58.09 39.68 34.68 35.65
SECOND LiDAR 84.02 74.15 67.09 52.02 43.21 38.11
PointRCNN LiDAR 87.06 77.42 76.34 50.19 44.32 39.25
Part—-A"2 LiDAR 86.42 77.65 77.51 50.02 43.66 39.11
The proposed LiDAR 88.06 78.01 76.52 54.17 46.88 40.02
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Tab. 2 Effects of RoI-aware point cloud region pool

Method APy APyoq AP oy

Rol fifixed—sized pool(14x14x14)& sparse conv ~ 88.23 78.36 78.03

Rol-aware pool (14x14x14) &FCs 89.21 78.45 78.16

Rol-aware pool ( 14x14x14) &sparse conv 89.26 78.51 78.20
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Tab. 3 Comparison of different part—aggregation network structures

Method APy APyoq AP oy

Rol-aware pool 7 x 7 x 7 & FCs 89.21 80.02 78.65

Rol—-aware pool 7 X 7 X 7 & sparse conv 89.35 80.32 78.72

The proposed 89.62 80.45 78.98
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