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3D Object Detection Algorithm Based on Two-stage Network
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Abstract This paper proposes a 3D object detection algorithm,named Voxel RCNN,on the basis of LIDAR point cloud. This al-
gorithm is based on VoxelNet 3D object detection network algorithm,and the idea of RCNN algorithm is applied to 3D object de-
tection from 2D object detection. The VoxelRCNN algorithm is composed of two stages. Stage-1 aims to extract the information
of candidate region box with the regional proposal network.and stage-2 aims to refine the object detection box extracted in stage-
1.to obtain more accurate detection results. The stage-1 network voxelizes the point cloud of the whole scene, extracts the fea-
tures of each voxel block as the input of the convolutional neural network, and obtains the final characteristic map through the
convolutional neural network calculation. Then, the enveloping box information is learnt by regression according to the feature
map. In stage-2.,on the basis of the candidate region information and feature information extracted in stage-1.equivalent feature
information is obtained by pooling.and returning to learning bounding box information again. Experimental results on KITTI
dataset show that the proposed network structure performs well.

Keywords 3D object detection, Voxelization, Convolutional neural network, Region proposal network, Kitti dataset
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Fig. 1 VoxelRCNN network structure
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Fig. 3 Visualization results based on KITTI data set
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Fig. 4 Results based on average metrics
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Table 1 AP of Bird’s-eye view detection
(AL %)
Method Easy Moderate Hard
VoxelNet!® 89.35 79. 26 77.39
Mv3DH 86.55 78.10 76.67
F-PointNet 21] 88.16 84.02 76. 44
VoxelRCNN Stage-1 89.91 87.33 86. 25
VoxelRCNN Stage-2 90. 06 87.71 86.43
F2 SRR AR YT R B
Table 2 AP of 3D detection
CBA 2 26
Method Easy Moderate Hard
VoxelNet'*] 81.98 65. 46 62. 85
MVv3DH 71.29 62.68 56.56
F-PointNet-?4] 83.76 70.92 63.65
VoxelRCNN Stage-1 85.28 73.85 67.31
VoxelRCNN Stage-2 86.45 75.22 67.75
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Table 3 AP of stage-1 network detection

CHLA 2 6D
No Ohem Ohem
Not Expand Data 65.99 72.60
Expand Data 71.09 73.85
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Table 4 AP under different ranges

AT %)

All 0~30m 30~50m 50~60m

VoxelRCNN Stage-1  73.85 87. 21 46.02 4,62
VoxelRCNN Stage-2  75. 22 87.57 48.03 7.27
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