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to the sparsity and irregularity of point cloud data, it is difficult to achieve the balance between the quality
of feature extraction and the speed of reasoning. In this paper, a three-dimensional target detection
algorithm based on body-column feature coding is proposed. Based on Pointpillars network, the Teacher-
Student model framework is designed to distill the regression frame scale, increase distillation loss,
optimize the training network model, and improve the quality of feature extraction. In order to further
improve the model detection effect, the positioning guidance classification item is designed to increase the
correlation between classification prediction and regression prediction, and improve the object recognition
accuracy. The improvement of this network does not introduce additional network embedding. The
experimental results of the algorithm on the KITTT dataset show that the average accuracy of the reference
network in 3D mode is improved from 60.65% to 64.69%, and the average accuracy of the aerial view
mode is improved from 67.74% to 70. 24%. The model reasoning speed is 45 FPS, which meets the real-

time requirements while improving the detection accuracy.
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Tab.1 Comparison of 3D detection accuracy (3Dy,,) of different algorithms in KIT T dataset %

. o Car (IoU=0.7) Pedestrian (IoU=0.5) Cyclist (IoU=0.5)

LIRS B — P 1 = p - P »

W hAE RIME iR hAE RIME fiE R AR TRIE
AVOD™ L+R 83.07 71.76 65.73 36.10 27.86 25.76 57.19 42.08 38.29
PointRCNN"! L 86.96 75.64 70.70 49.43 41.78 38.63 73.93 59.60 53.59

W\]KJ/I\& [20]

UberATG-MMEF L+R 88.40 77.43 70.22 N/A N/A N/A N/A N/A N/A
Part-A2"" L 87.81 78.49 73.51 53.10 43.35 40.06 79.17 63.52 56.93
SECOND"™ L 83.34 72.55 65.82 51.07 42.56 37.29 70.51 53.85 46.90
TANet'™ L 84.39 75.94 68.82 53.72 44.34 40.49 75.70 59.44 52.53

PR Bt Associate-3Det'®’ L 85.99 77.40 70.53 N/A N/A N/A N/A N/A N/A
Point-GNN™! L 88.33 78.47 72.29 51.92 43.77 40.14 78.60 63.48 57.08
Ours L 88.15 78.95 74.97 52.77 46.09 41.09 81.66 61.31 57.21

T AL A B T e A A, LARR MO A = RIVR R

F2 KITTIHIEERFEEBEV &N E (BEV,, )5ttt

Tab. 2 Comparison of BEV detection accuracy (BEVy,,) of different algorithms in KITTI dataset %
L Car (IoU=0.7) Pedestrian (IoU=0.5)  Cyclist (IoU=0.5)
GER7S Hdlm Rl 5 - N
fje hAE EE R hAE RME R b R
AVOD'™ L+R 89.75 84.95 78.32 42.58 33.57 30.14 64.11 48.15 42.37
— PointRCNN" L 92.13 87.39 82.72 N/A N/A N/A N/A N/A N/A
UberATG-MMF ™! L+R 93.67 88.21 81.99 N/A N/A N/A N/A N/A N/A
Part-A2"" L 91.70 87.79 84.41 59.04 49.81 45.92 83.43 68.73 61.85
SECOND" L 89.39 83.77 78.59 55.10 46.27 44.76 73.67 56.04 48.78
TANet ™ L 91.58 86.54 81.19 60.85 51.38 47.54 79.16 63.77 56.21
B B Associate-3Det™™" L 91.40 88.09 82.96 N/A N/A N/A N/A N/A N/A
Point-GNN'™* L 93.11 89.17 83.90 55.36 47.07 44.61 81.17 67.28 59.67
Ours L 93.09 88.86 84.50 58.46 51.88 47.43 84.10 64.03 59.82

TE A A R TR A, LA RO S = RICER BN
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Tab.4 Ablation experiments of regression frame distillation and location-guided classification in KIT TT dataset
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