20244 9 B
H435 HOH

DOI:10. 19652/j. cnki. femt. 2405970

g 9 D&

H F U i# PointPillars B9 &= = ZE 4 B tr4a

AL Rl IR
(EHERHLFRINMER L iE 201306)

& E A A SRS HOGE A AR S S SR A TR R B DL R i MR SR A 4 R A, 48t — 3k T 0 PointPil-
lars (19 81 25 4240 AR KON 5 3 . 58 2T Sim AM Vi 25 77 AL e 3 1 36 b 0 AE A o (o 75 190 2465 AR AT 4 0B B A T o G 1 ¢
G B RE AR I e R . K TS B B B (CBAMD BG4 I 45 25 ), 48 Y 258 14 e o b 30 38 7 28 7 4
B Tiny-CAM F1 Al 28I 23 [0] 1 B 1Bk Deformable-SAM., #4 3 Multi-CBAM B 9 45 , 38 TI /0 4% 45 1F 45 B 45 1iF fil 45 Bk 7
16 KITTT B8 4 DL AR A TF 15 5 = s 4 L EAT IR0, LB 25 R B, 5 R 46 AT HE , i iF PointPillars J7 3% HoA B & B
DA BE S X0 DA B 42 T 2. 9800, BT XTI RS /N T 30 %0 1 A 2= 4240 H AR A WK B #2576 51 %6, IEBH T 3% 07 B 1A &l
KB A IE I BRI OGS H = s EE L

FESZES: TP391.4 ERARIRED : A ERREZRSERE: 510

Point cloud vehicle target detection based on improved PointPillars

Yu Jiagi Yang Honggang Wang Yang

(School of Mechanical Engineering, Shanghai Dianji University, Shanghai 201306, China)

Abstract: In the field of autonomous driving, the point cloud data obtained by lidar has problems such as sparsity and
edge noise false detection. This paper proposes a point cloud vehicle target detection method based on improved
PointPillars. Firstly, the voxelized feature input is improved based on the SimAM attention mechanism, so that the
network feature extraction stage can pay more attention to the key information and improve the globality of feature
learning. Secondly, based on the improved backbone network structure of CBAM, a new lightweight channel attention
module Tiny-CAM and a deformable spatial attention module Deformable-SAM are proposed to construct the Multi-
CBAM backbone network and improve the network feature extraction and feature fusion ability. The KITTI data set and
the non-public garage point cloud data set are verified. The experimental results show that the method adopted in this
paper has higher detection accuracy. Compared with the original network, the average detection accuracy is improved by
2.98 %, and the detection accuracy of point cloud vehicle targets with occlusion less than 30 % is improved by 6. 51 %,
which proves the effectiveness of the method.
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Fig. 2 The improved PointPillars model framework diagram
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Table 1 Fixed parameters of optimizer
Parameter Content
BATCH_SIZE_PER_GPU 4
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A N/ 90. 72 89.53
B N/ N 95.03 90. 26
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D N, N/ 93. 97 89. 89
E N N N/ 95. 34 90. 42
F / / / N 96. 68 91.15
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Table 3 Quantitative evaluation of improved PointPillars model in KITTI vehicle validation set %)
APy, APy, AP, APy,
(R11 standard) (R11 standard) (R40 standard) (R40 standard)
easy mod hard easy mod hard easy mod hard easy mod hard
90.75 89.61 80. 92 90.78 89. 80 89.11 96. 68 91.15 86.03 96. 82 93.48 88. 44
APypox AP, APypox AP,,,
(R11 standard) (R11 standard) (R40 standard) (R40 standard)
easy mod hard easy mod hard easy mod hard easy mod hard
90. 66 88. 86 86. 88 90. 60 88. 54 86. 39 96. 02 91.73 87.16 95. 94 91.38 86. 70
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Table 4 Comparison of AP,,, accuracy

03 p 0 : M WX 5
Easy Moderate Hard
MV3D 85.8 77.0 68.9
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