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Lidar 3D Target Detection Based on Improved PointPillars
Chen Dejiang, Yu Wenjun', Gao Yongbin

School of Electronic and Electrical Engineering, Shanghai University of Engineering Science,
Shanghat 201620, China

Abstract Aiming at the problems of inaccurate recognition results and large deviation of target orientation detection when
3D target detection is carried out by laser radar during auto driving, a 3D target detection method of laser radar based on
improved PointPillars is proposed. First of all, based on Swin Transformer’s improved two-dimensional convolution
downsampling module of PointPillars, the self attention mechanism can be used in the network feature extraction phase to
enrich context semantics and obtain global features, and enhance the feature extraction ability of the algorithm. Second,
the ground part of the point cloud is removed by using the characteristics of the point cloud column to reduce the impact of
redundant point clouds, so as to improve the recognition accuracy of 3D object detection. The experimental results on the
public dataset KITTI show that the proposed method has higher detection accuracy. Compared with the original
PointPillars, its average detection accuracy is increased by 1.3 percentage points, which verifies the effectiveness of the
proposed method.

Key words remote sensing; deep learning; 3D object detection; lidar; Transformer
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Table 1 Hyperparameter configuration of Swin-T module

Model Depth Head
M1 (1,3,1) (2,4,8)
M2 (2,6,2) (2,4,8)
M3 (2,2,6) (2,4,8)
M4 (2,6,2) (2,4,2)
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Table 2 Comparison of accuracy rates of different Swin-T

hyperparameter configurations  unit: %
Model Easy Moderate Hard Average
M1 50. 17 40.42 38.7 43.09
M2 94.12 89.55 88.48 90.71
M3 94.23 89.77 88.8 90.93
M4 94.13 89.23 88.15 90.5
M5 94.57 89.65 88.75 90.99
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Fig. 6 Comparison of experimental results for

hyperparameter selection
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Table 3 Comparison of test results unit: %
Model Easy = Moderate  Hard  Average

PointPillars'®’ 90.77  89.61  88.47  89.61
SECOND" 90.76 89. 77 88.82  89.78
SECOND-IoU"™ 89,72 88.73 88.33  88.92
PointRCNN"*" 90.76  89.58  89.03  89.79
PointRCNN-IoU"”"  90.70  89.32  88.87  89.63
Part-A2-Free™  90.68  89.00  88.64  89.44

AS-PointPillars™®  90. 48 88.32 86.51  88.44
AP-PointPillars’®  90. 68 88.92 86.90  88.83
Proposed model 94.23 89.77 88.8 90.93
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Table 4 Comparison of GPU memory usage and running speed

before and after algorithm improvement

Model GPU memory /MB  Running speed /s
PointPillars 1267 0.036
Proposed model 1359 0.058
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