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Fig. 1 Overall framework of PointPillars algorithm
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Fig. 2 The overall framework of the improved PointPillars algorithm
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Note:the introduced point-wise spatial attention module, feature mapping is represented by the shape of'its tensor, NxC,,
where N denotes the number of points and C, denotes the feature size. ® is the matrix multiplication, and ®is the point-
wise sum. The pink, green and blue boxes denote the MLP layers. The features of the point cloud are fed into this module
to learn the long-range correlation between points
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Fig. 3 Structure of point-wise spatial attention module
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%1 A3 CSPNet M4 45H
Table 1 CSPNet network structure of this paper

Layer Repeat Kernel size Stride Output channels

Conv2d 1 3X3 2 64

Convl 1X1 1 32

Conv2 1X1 32

Stagel 3 1X1 1 32
BottleNeck

3X3 32

Conv3 1X1 1 64

Conv2d 1 3X3 2 128

Convl 1X1 1 64

Conv2 1X1 64

Stage2 5 1X1 1 64
BottleNeck

3X3 64

Conv3 1X1 1 128

Conv2d 1 3X3 2 256

Convl 1X1 1 128

Conv2 1Xx1 128

Stage3 5 1X1 1 128
BottleNeck

3X3 128

Conv3 1X1 1 256
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PR N AL T X | & A R Ry N i A LS 2 0 b m  BUEE EG . KIT TR 7 481 E YA AR F1 7 518 /4~
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Table 2 Data division in three scenarios

Easy Moderate Hard
Min height of bounding box 40 pixels 25 pixels 25 pixels
Max blocking level Fully visible Partially obscured Hard to see
Maximum cut-off 15% 30% 50%

¥ B KITTUE 77 vEM 845 , PLE IR B (Average Precision, AP)PEH 3D A1 BEV 75 T AR 25 3, /E

S K A BE B PEAE TR FR . SR AY S IF e (Intersection Over Union, 10U) B{E K 0.7, 4 ] 404~ [\ 437 & 354
RS A) i SN W)

AP=—>" ,  P(R) (3)

32 XESHERE
P LT OpenPCDet HEAR S B, Il 2R B B S 4k B WK R Adam P Ak #5111 2k 1601~ epoch, batch
size A 4,2 3] R Hg 0.003, SLH B S =G ooy 2 8L 2R W=[0m, —39.68 m],H=[ — 3 m,
69.12m],D=1[39.68 m,1 m]., KK EEENv,=0.16,v,=0.16,v,=4. $ MAX_POINT _PER_
VOXEL # & K 32, 1E R B AR R o 19 5 K58, [ BiF MAX_NUMBER _OF _VOXELLS Il 2k it} 1% & 1
16 000, 3 B35 &2 40 000, VE b fie /Mt i b i fie KAE 2 R R A, HAR SO0 IR BE e & 4n 2k 3.
*3 ZLRRERE

Table 3 Experimental environment configuration

Experimental environment Configuration
Operating system Ubantu 16.04
Processor Intel Xeon Silver 411
Memory 64 GB
Video card NVIDIA TITAN V
Deep learning framework Pytorch 1.5
Development language Python 3.7

33 XWERSW
3.3.1 shrbsEie

T VFA SR Y ) 4 R A 7E KIT T 4R B A9 ORS B2 P4 i | & £% F-PointNet, VoxelNet , SECOND ,
PointPillars .SegVoxelNet, TANet ,PointRCNN  Part-A" 3Lk #E47%F b, % 4 i 7E KIT T 4E Car 28R, A
SCORTE 55 A B3 7 RS BE X LE

ARSI AR b A RDMERS B0 T B9 3D SF- X RS BE Sl 88.5206.79.02%4 .76.22 %6 , BEV SF- 4 I K
JE 0 92.63% .88.53% .87.16 % , iR | T e ft . el 5 00 55 A B A R I M RE L G L AR RHE 1 0 R 1Y
55 8% 5 AR FEAS T A B R e T A RS FE O OIS T AR o W RS BE B TR R L IR, RS T AR S
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F4 FAEEZEHAPITEE (%)
Table 4 Comparison of AP for different methods (%)

Car-3D(IoU=0.7) Car-BEV(IoU=0.7)

Method/R 4,
Easy Moderate Hard Easy Moderate Hard
F-PointNets* 82.19 69.79 60..59 91.17 84.67 74.77
VoxelNet' " 87.93 75.37 73.21 89.35 79.26 77.39
SECOND" 83.34 72.55 65.82 89.39 83.77 78.59
PointPillars " 86.29 76.77 73.92 91.89 88.07 87.02
TANet'™! 84.39 75.94 68.82 75.70 59.44 52.53
SegVoxelNet 86.04 76.12 70.76 91.62 86.37 83.04
PointRCNN'™ 86.96 75.64 70.70 92.13 87.39 82.72
Part-A%* 87.81 78.49 73.51 91.70 87.79 84.61
Ours 88.52 79.02 76.22 92.63 88.53 87.16

5 MVBUAT 1 FE A LA e BRI 53 19 = 48 i 25 B A 000 50 325 1% 0 L I, XoF F ] R0, A SRRk A A AR T
O 6% 6 R 194 ] Bsf A DR UE T v 2850 1) e 3 KT T L850 SR 4R 180 4% 19 64 2R OK B 18 TR % J2& 10 Hz, |
1 s Kb BRI 10 Mt st 2= B4 L AR SCHR H A B30 1k s A0 Ak B 1) = 0080 DR 1 10 o, #E LB ) 0.037 2 frame-s ',
G AL ST A D g SR

R5 FEEERHEREETLL

Table 5 Inference speed comparison among different methods

Method Reasoning speed/(frame-s")
F-PointNets'*” 0.169
VoxelNet!"” 0.033
SECOND™ 0.380
3DSSD!! 0.04
TANet ™ 0.035
SegVoxelNet ™" 0.04
PointRCNN' 0.067
Part-A%* 0.08
SA-SSD!™! 0.04

Ours 0.037 2

3.3.2 i RkER

R T T R A T AN A RO T 4% P R Y S e R R A R S 06 ok AT U B . DU T A AR R R A
KITTIEE G F AT I35 M, 26 6 FLR 740 0 45 1 T KIT TLE G4 v i Al 52 56 19 3D M BEV 5t R Y
o P R A o T R S R DA R BT A G ok SRR B AT ) TTIR  PPPA KRG TR A TR
Ji#E e , PPCSP 2 CSPNet 2 (1) O BIR T oREEMEHL . PPCSP+PPPA MRl A T & 5 25 [ 7 2 J L
CSPNet 1Y =4 H fr e I 5592 .

F6 £ KITTI K £ o i Bl SE 96 59 3D 46 F 45 B (%)
Table 6 Average precision of 3D detection for ablation experiments in the KITTI test set(%)

Car-3D (IoU=0.7)

Method

Easy Moderate Hard

PointPillars 86.29 76.77 73.92
PPPA 87.72 78.23 75.13
PPCSP 87.83 78.30 75.60
PPCSP+PPPA 88.52 79.02 76.22
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7 EKITTINXEFERILRMBEVIESE THRNFEHFEE(%)

Table 7 Average precision of detection in the BEV scenario of the KITTI test focused ablation experiment (%)

Car-BEV(IoU=0.7)

Method
Easy Moderate Hard
PointPillars 91.89 88.07 87.02
PPPA 92.56 88.60 87.24
PPCSP 92.13 88.02 86.68
PPCSP+PPPA 92.63 88.53 87.16

TH il S 56 25 AL 3R W - 7F PointPillars [ 45 Hfin A28 25 0] 3 3 B, AT DU 3R 42 Jmy AH DG A 2809 i) A
SR A MR A ORI L B SR A 2 YRR AR A IBCRE T, i v A R B 5 AE X 2% Hh i ] CSPNet Xf
P EME T SRAE AT CHE | 500 38 U3 A S [] 1 B A2 v A% 1 L 35 0 1 5501k O R AR $2 URE ) s PPCSP+PPPA y fil
AR B Rz D 435 S, A ] B b S R PR XE 8 31 1Y 3D A RS B 43 88.52%6 .79.02% M1 76.22% , 5
JE A P 45 4] L A B T T 2.23%, 2.25% R 2.30% , BEV 3 5t T 0 3k DU RS B R 92.63 %, 88.53 %,
87.16 %% , ¥y T v 0 4% . &% SR 3¢ O ke ok A Y A G I 4 RE S B T S O B T 5 B T O A 7 b it
B B R RE
3.3.3 #R T

R AU 5 0 A I % 6 T A A I ) A AP L 18 6 45 T PointPillars FTECEE R 48 7E KITTI
R b E AR A Y T AR T EL 2

PointPillars Ours

Scenario 1
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Scenario 3 EE

Scenario 4

B 6 PointPillars 5 A& S5 7% i 7 4L 1t %45 R 3 1
Fig.6 Comparison of the visualization results of PointPillars and the algorithm in this paper
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PEREAE i R DA R MBS A R AR . Sk TR T2 S (A1 R T L AT CSPNet 9 46 (9 =4k H b5
A 0 B30 BN O A Ry RRAIE L D T s G R R P R R B B R T BGE TSR R B R AIE 42 I RE
AR, PR )R B9 PointPillars He kg BT ASCR B4 fE — R B ER TR IR AT o0 4R T T
PO 245 A 300 F) 7E E
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4 28
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I3 h 88.52%6 .79.02% F176.22 % , 5 H A P 45 AR L 73 Bl B2 TF T 2.23%0,2.2506 F12.30% 0 73 4b , >R K il
SEH A3 AT B UE 1T SR B ) SO RE S A A e A H AR I RS PERE o B S 1% 512 5 VoxelNet (SECOND |
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3D Object Detection with Fusion Point Attention Mechanism in
LiDAR Point Cloud

LIU Weili'"*, ZHU Deli"*, LUO Huahao'*, LI Y1’
(1 School of Computer and Information Science, Chongqing Normal University, Chongging 401331, China)
(2 Chongqing Digital Agricultural Service Engineering Technology Research Center, Chongging 401331, China)
(3 Information Center of Chongqing Academy of Animal Husbandry, Chongqing 401331, China)

Abstract: With the rapid development of computer vision, object detection has made remarkable
achievements in 2D vision tasks, but it still can not solve the problems such as light changes and lack of
depth that occur in actual scenes. The 3D data acquired by LiDAR makes up for some defects existing in
the 2D vision field, so 3D object detection is widely studied as an important field in 3D scene perception.
3D object detection in the field of autonomous driving is an important part of intelligent transportation, and
the 3D object detection algorithm based on LLiDAR point cloud provides an important perception means for
it. Perception is a key component of autonomous driving, ensuring the intelligence and safety of driving. 3D
object detection refers to the detection of physical objects from sensor data, predicting and estimating the
category, bounding box, and spatial position of the target. However, due to the unstructured and non—fixed
size characteristics of point clouds, they can not be directly processed by 3D object detectors and must be
encoded into a more compact structure through some form of expression. There are currently two main
types of expressions: point-based and voxel-based methods. Voxel-based methods have higher detection
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efficiency, but their detection accuracy is lower than that of methods based on raw point clouds. Therefore,
how to improve the detection accuracy of voxel-based methods while ensuring detection efficiency has
become a research hotspot in recent years.

In view of the problems of loss of fine—grained information and insufficient ability to extract point cloud
features in the 3D object detection algorithm for Pillar—encoded point clouds, this paper proposes a 3D
object detection algorithm based on PointPillars that integrates point-wise spatial attention mechanism and
CSPNet. Firstly, the point-wise spatial attention mechanism 1s integrated into the pillar feature network
layer, which can enhance the network's ability to extract local geometric information and retain deep—level
information, making the obtained key features more suitable for detection tasks. Point-wise spatial
attention follows the basic structure of self-attention, which can effectively avoid the impact of redundant
point clouds or noise points on features, strengthen the description of features with less coverage of point
clouds, and to a certain extent solve the problem of information loss based on Pillar-encoded point clouds.
Secondly, replacing the ordinary convolution in the downsampling module that extracts high-dimensional
features from pseudo—images of point clouds with CSPNet can achieve gradient flow segmentation, further
enhance the network's learning ability while reducing computational complexity, and improve model
detection accuracy.

Finally, the algorithm in this paper improves the 3D detection accuracy by 2.23%, 2.25%, and
2.30% in easy, medium, and hard cases, respectively, compared with the benchmark network under the
application scenario of highway with car class in KITTT as the detection target. The experimental results
show that the algorithm in this paper has significantly improved the detection performance, while the
detection speed reaches the real-time detection level, which has some positive significance for the
optimization and improvement of autonomous driving technology, and has great potential in the application
scenario of highways.

Key words: 3D object detection; Point cloud; Attention mechanism; PointPillars; Cross stage partial
network
OCIS Codes: 120.1880; 100.2000; 100.4996; 100.1830
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