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Abstract

Aiming at the weaknesses of traditional 3D point cloud object detection algorithms with low de-
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tection accuracy for small objects, an improved PointPillars method based on spatial attention
mechanism is proposed. Firstly, the point cloud feature representation is added to the pillar fea-
ture network to enrich the feature encoding and improve the representation ability of each point,
secondly, the feature weights of the encoded spatial points are recalculated on the pseudo-image
by the spatial attention mechanism, which enhances the algorithm’s feature extraction ability and
improves the detection performance, and lastly, the improved algorithm is validated by using the
publicly available dataset KITTI. The experimental results show that the method is able to accu-
rately detect small-size pedestrian and cyclist object, while maintaining stable performance on
large-size car object detection. In addition, the mean average precision (mAP) of the three catego-
ries of 3D mode, bird’s-eye view mode, and average orientation similarity mode reached 62.07%,
68.85%, and 70.02%, respectively, under the medium detection difficulty condition, which are all
greatly improved over the pre-improvement algorithm.
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Figure 1. Pillar feature network structure diagram
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Figure 2. Backbone feature extraction network structure diagram
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Figure 3. Improved network structure diagram
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Figure 4. Spatial attention mechanism SAt structure
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Figure 5. Plot of weights for different samples
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Table 1. KITTI dataset 3D model evaluation results
F= L KITTI BIRE = HEIFHR

N BT NGATE

Jik S — P — PR — MAP

7 L S5 T A 7 L S5 T A 7 L r S5 T A

VoxelNet [3] 7747 6511 57.73  39.48 3369 3150 6122 4836 4437  49.05

Second [4] 83.13 73.66 66.20 51.07 4256 37.29 70.51 53.85 46.90 56.69

PointPillars [5] 79.05 74.99 68.30 52.08 43,53 41.49 75.48 59.07 52.92 59.20

2 PointPillars 8559 7597 7199 5350 4715 4323 8071 6311 60.14 62.07
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Table 2. KITTI dataset BEVmodel evaluation results
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. REAT N AT H
ﬁ¥£ Pra Y- P e . e . mAP
7 P H S5 R e 7 P H S5 R e {7 R 5 ) efe
VoxelNet [3] 89.35 79.26 7739 46.13 4074 3811 66.70 5476 5055  58.25
Second [4] 88.07 7937 77.95 5510 46.27 4476 73.67 56.04 4878  60.56
PointPillars [5] 88.35 86.10 79.83 58.66 50.23 47.19 79.14 62.25 56.00 66.19

23t PointPillars 890.85 8719 83.66 5862 5346 4873 8286 6590 62.45 68.85

Table 3. KITTI dataset AOS model evaluation results
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5 R 5 R e T R 5 R e {7 R o 5 ) efe
Second [4] 87.84 8131 7195 5556 4351 3878 8097 5720 5514 5453
PointPillars [5] 90.19 88.76 86.83 58.05 49.66 47.88 8243 68.16 61.96 68.86

o3t PointPillars 90.62 8991 87.20 50.08 45774 4325 8575 7542 7172 70.02

2 1~3% 3 R R KITTI BdaE = 4. SEE(BEV) R LA 15 75 r) AR ALLRE (AOS) IR = )
X EEEE . Hb, mAP NIEFREEME KT, X =ASEH PR E (AP)HEAT T2 515 3.

4.4.2. SKBEMSH

itk JE ) PointPillars 59 7E KITTI Ba £ i 0 Bl 85 R i i 6 s . B rh 880 NPE s s 5t
R =HERIRCR B, T 25 o LA AR AL A A S A 4 R AN R B IR HE s AN TR R 2
Al AEHERRIRE ., BOEARTA, SOEARRTE, HiRdlE b =4HERne X&&oR, SHL
MEITT 179 H RS A HT A o

Figure 6. A classic example of spatial data sets
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Figure 7. Comparison of detection results between this algorithm and the original PointPillars algorithm
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Figure 8. Comparison of detection results between this algorithm and the original PointPillars algorithm
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