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Voxel Representation with low feature loss for 3D Object Detection from
Point Clouds
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In this paper we propose a novel method that can operate at high speed for 3D object detection using
LiDAR point clouds. In the detection method in which the point cloud is expressed by voxels and a
convolutional neural network is applied, the processing speed can be increased by increasing the grid
size of the voxels, but the detection accuracy tends to decrease. To solve this problem, we propose a
novel voxel feature expression with little loss of point cloud features. As a result of the evaluation, the

processing speed was increased from 32Hz to 64Hz while maintaining the detection accuracy.
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Fig.1 Our method consists of four phases: voxelization, voxel feature extraction, 2D CNN and detection head.
GMP, GAP, FC Layer and SE Module stand for global max pooling, global average pooling, fully-connected

layer and channel attention”, respectively
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Fig.2 Comparison of voxel feature extraction between PointPillars and our proposed method
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Fig. 3 Comparison of 2D CNN between PointPillars and our proposed method. ‘Conv’ , ‘Deconv’ , ‘Concat’ , ‘up’ and
@ stand for convolution, transposed convolution, concatenation, upsampling and element-wise summation,

respectively
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Table1 Evaluation results on KITTI validation set. The evaluation metrics follow KITTI™ where the evaluation is based
on the difficulty level of Easy, Moderate (Mod.) and Hard. The mAP is the mean value of AP for all categories.

Method Voxel grid size [m] mAP Car Pedestrian Cyelist
2 ’ Mod. Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard
. . 3) 0. 16 67.07 | 86.48 | 76.37 |69.77 |67.73 [61.16 [54.95 | 84.06 | 63.69 | 59.77
PointPillars
0.28 60.91 | 81.73 |70.79 |67.63 |55.86 [51.10 [47.68 | 78.90 | 60.85 | 57.02
Ours 0. 16 68.45 | 87.49 | 77.02 | 70.21 [68.31 [62.52 |[58.69 |84.01 |65.82 |61.74
0. 28 63.66 | 84.56 | 72.52 | 67.85 |62.68 [57.59 [52.70 |81.59 | 60.88 | 57.18
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