(2958124 - 00

INFRARED AND LASER ENGINEERING

HTRREERP LR =4[ = BirRI ik
BEE I e W HR BREG SR 5K
3D point cloud object detection method in view of voxel based on graph convolution network

Zhao Yiqiang, Arxidin + Akbar, Chen Rui, Zhou Yiyao, Zhang Qi

TELR 2 View online: https:/doi.org/10.3788/IRLA20200500

BT BRI H A S T

Articles you may be interested in

BET WO =4 5 s WU T AU 7 12
Identification method for machine workpiece based on laser 3D point cloud

LIANSGIOE T RE. 2019, 48(4): 442002-0442002(8)  hitps:/doi.org/10.3788/TRLA201948.0442002
TR (8, =4 5 2 75 R G 8 S L BRI

Tongue segmentation and tongue crack extraction of tongue 3D color point cloud

LIHNS O TR 2017, 46(S1): 82-89  https://doi.org/10.3788/IRLA201746.5117004
HET Mean Shiftsi 2 0] 170 26 19 H AR = 4E 285401

3D pose estimation of target based on Mean Shift point normal vector classification

LIANSGIOE T RE. 2020, 49(S2): 20200109-20200109  https://doi.org/10.3788/IRLA20200109
WOLT IR s =g S Sk m i ik

Pose estimation algorithms for lidar scene based on point normal vector

LIANS O T AR, 2020, 49(1): 0105004-0105004(8)  https://doi.org/10.3788/IRLA202049.0105004
FLTF 3D ZE R 25 1 Pol SAR GRS Al 4325

Fine classification of polarimetric SAR images based on 3D convolutional neural network

LTHMNSGOE TR, 2018, 47(7): 703001-0703001(8)  https://doi.org/10.3788/IRLA201847.0703001
T4 R L HAISPADIESE L4 — 4k ilif%

Continuous scanning 3D imaging with SPAD array based on pixel multiplexing

LTHM SO TR, 2020, 49(S2): 20200375-20200375  https:/doi.org/10.3788/IRLA20200375


http://www.irla.cn/article/doi/10.3788/IRLA20200500
http://www.irla.cn/article/doi/10.3788/IRLA201948.0442002
http://www.irla.cn/article/doi/10.3788/IRLA201746.S117004
http://www.irla.cn/article/doi/10.3788/IRLA20200109
http://www.irla.cn/article/doi/10.3788/IRLA202049.0105004
http://www.irla.cn/article/doi/10.3788/IRLA201847.0703001
http://www.irla.cn/article/doi/10.3788/IRLA20200375

% 50 5% 10 # BRESY & 2021 4 10 A
Vol.50 No.10 Infrared and Laser Engineering Oct. 2021

ETEHRZNWESANEN =% = BiRGN 7T E
(REKRF MEF5K, R#Z 300072)

W E: AR E R E SRS S8 BB A B gk E X oA AT R T
oG B B ARG AEIR BB 42k — AP R TR E AL B A RAY 2 M Ao T ik = 45 = B AR ok
77 kil At I R AR 4 3D A ARAY 2 W & e it LT A, RMLARIE T M6 B ARl e, FERZH T
EEIAME B MR PR 6 sk KITTI AR50 8 09 4% AT A B 47849 3D B 474
M A BB A B AR A S0 ) b Al AR YL A IR T A AR, KA A 45 3D B AR MIAES b
R T 13.75%. FBEW: %% &R B SR AERBALSA I 35 T W 4 AR 4 5k o 2
WEABIN R R F TR, A g5 = B AN S RAE T #7695 %,

KT BAEBRMEZNE, #bFik;, ZgEZBAFEN; HIMZE; KITTIHEE
FESHES: TPI83 XEkFRERS: A DOI: 10.3788/IRLA20200500

3D point cloud object detection method in view of

voxel based on graph convolution network

Zhao Yiqiang, Arxidin- Akbar, Chen Rui, Zhou Yiyao, Zhang Qi
(School of Microelectronics, Tianjin University, Tianjin 300072, China)

Abstract: In view of the sparsity and spatial discrete distribution of lidar point cloud, a graph convolution
feature extraction module was designed by combining voxel partition and graph representation, and a 3D lidar
point cloud object detection algorithm in view of voxel based graph convolution neural network was proposed. By
eliminating the computational redundancy of the traditional 3D convolution neural network, this method not only
improved the object detection ability of the network, but also improved the analysis ability of the point cloud
topology information. Compared with the baseline network, the detection performance of vehicle, pedestrian and
cyclist 3D object detection and bird’s eye view object detection tasks in KITTI public dataset were improved
greatly, especially improved with 13.75% precision in 3D object detection task of vehicle at maximal.
Experimental results show that the proposed method improves the detection performance of the network and the
learning ability of data topological relationship via graph convolution feature extraction module, which provides a
new method for 3D point cloud object detection task.

Key words: graph convolution neural network; lidar; 3D point cloud object detection; topological

information;  KITTI dataset
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Fig.1 Pipeline of graph convolution 3D object detection based on voxelization
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Fig.2 Schematic diagram of neighborhood of valid voxel
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Tab.1 Comparison of average precision of point cloud 3D object detection on KITTT validation set

Sensors Car Pedestrian Cyclist

Networks Inference time/s
LiDAR Image Moderate Hard Easy = Moderate Hard Easy = Moderate Hard Easy
MV3D ! 0.36 v \ 62.35% 55.12% 71.09% N/A N/A N/A N/A N/A N/A
MV3D (Lidar)"" 0.24 v x 52.73% 51.31% 66.77% N/A N/A N/A N/A N/A N/A
AvoD " 0.08 y \ 65.78% 58.38% 73.59%  31.51% 26.98% 3828%  44.90% 38.80% 60.11%
VoxelNet ! 0.31 v x 65.46% 62.85% 81.97%  53.42% 48.87% 57.86% 47.65% 45.11% 67.17%
Point-GNN 0.6 y x 79.47% 72.29% 88.33%  43.77% 40.14% 51.92%  63.48% 57.08% 78.60%
VGCN (Ours) 0.09 y x 79.21% 78.58% 89.25%  53.28%  48.74 60.90%  71.82% 68.19% 85.89%

20200500-6



s Gk A2

% 104 www.irla.cn % 50 %
% 2 KITTI Wik 5 /) S E B 4RGN T R BT L
Tab.2 Comparison of average precision of BEV object detection on KITTI validation set
Sensors Car Pedestrian Cyclist
Networks Inference time/s
LiDAR Image Moderate Hard Easy = Moderate Hard Easy = Moderate Hard Easy
MV3D [ 0.36 y J 76.90% 68.49% 86.02%  N/A N/A  N/A N/A N/A  N/A
MV3D (Lidar) " 0.24 3 x 77.00% 68.94% 85.82% N/A N/A  N/A N/A N/A  N/A
AvVOD ' 0.08 \/ J 85.44% 77.73% 86.60%  3524% 33.97% 42.52%  47.74% 46.55% 63.66%
VoxelNet ! 0.31 \/ x 84.81% 78.57% 89.60%  61.05% 56.98% 6595%  52.18% 50.49% 74.41%
Point-GNN 0.6 3 x 89.17% 83.90% 93.11%  43.77% 40.14% 51.92%  67.28% 59.67% 81.17%
VGCN (Ours) 0.09 3 x 87.90% 87.33% 90.23%  57.30% 52.72% 64.22%  74.94% 71.57% 87.26%

& 3 KITTI ik & £ /Y 3D N BEE B iRk R
Tab.3 3D and BEV object detection on KITTI test set

Benchmarks Moderate Easy Hard
Car(3D) 77.65% 84.47% 73.36%
Car(BEV) 87.16% 90.67% 82.98%
Cyclist(3D) 62.36% 78.47% 55.88%
Cyclist(BEV) 67.04% 81.50% 59.45%
Pedestrian(3D) 37.60% 45.28% 34.96%
Pedestrian(BEV) 42.33% 50.02% 40.05%

ZBR Rl A M 2% MV3DUY, AVOD!Y D) K 56 T [ #
2245 1) Point-GNNI R X LU (2% . 7E KITTI Ja ik
A2 FTIAR AE 59 BE4T 3D H ARG I A1 BEV H bR A
W Hrp B8y e W b, TR RN = A5
el 5 AR 530 R e, AT NS . s s B
(1) H AR AE 2 (8] B 80 A BLRR B, SOt f s R 3
brais i HER R A =, 28O ERGR, Q1K 4(b) BT,
HUAR 8 R 55 b TR, H 7 2 0.3%~0.8%,
B ROR S m RN B U B L, SOl i
VFCE %ih% DA K B 2 M4 a1 A, AR T
MW G BAFMNEREOCR .
33.1 KRB ARG EHBATH G LR

hy B8 P 4 BB e o 35 v 1) 4% ) G 0 2 R Y ok
M HE T, A1 2E AT B B2 00 7 fil S 30, S0 40 8
3D 24T B AR AR A g UE o 38 R FEHE I 4 Voxel-
Net™ H i) 3D 45 PR H T S0 Hh il 2 19 18] 45 AR B
R, ol sl B 4 B2 B0R 500N R B0 1 BB U2 RS
DAE BE, 3R 4 s . SEEe Rl R M 2 B G
JEIE, P2 AGH IORG Gk B T fe A, SR IR UE N 4% 1 K
DUPKS FE R 3K 13.75%.

x4 BEREHXEWR B AR #200
Tab.4 Effect of the number of graph convolutional

layers on vehicle object detection

Networks Moderate Hard Easy
VoxelNet P! 65.46% 62.85% 81.97%
1-Graph conv 76.32% 75.18% 85.85%
2-Graph convs 79.21% 78.58% 89.25%
4-Graph convs 80.06% 75.72% 86.73%

3.3.2  ARFHAME G AL B K b BT BG

AR FE A M G T A (E R M A 2300 40 7 A 1 A
BB, RIS Z 07 ik 0 BARE [ E R4 T —a 48
Fbo I 2 (Recall) J2& FF A< H IE 5] 8 T 1F 79 L
], 7601 H 8 — 2 IGO0 T, KRS B (Precision) 5
FORFIEKN R BT, — R H P-R 4RI
BRI EBE . ST X W, A VoxelNet?!
i) VFE %i#%, VFCE 4af 77 V82 7+ 17 5 ik fe 200, 17
DRNBEA T2 E BRG] 73 3 RAG DRS B, WLIAD 5.

W 1, & 2F0R, SCh 3 R B bR RN 5k
VGCN 7E KITTI $iE4E I f ik 25 51, 45 % Rt
FE VR 2% VoxelNet?!, & F K48 fl & 77 ) Mv3D!L
AVOD! DL J B F [ b 25 W) 2% 1 Point-GNNI®! J7 2%,
VT BRAE = A FRR ARG AT 55 vl A A6 00 38 38 AORS JE L
BIA T —@ 3Tt MEAERITUNTT A, 174 5
ANRST BAR ARG B B S B T T 24.17%, -4 3D kil
1% A PTG A 55 e = B T T 13.75% ARG E
e 3 Fros i) KITT AR A28 SR e W % 5 T AE
B TR IAT 55 LA O X FE 45 35947 T — 2 93 TE, 56
TE T 35 T P A R 20 190 245 194 = 2 B A G 00 550 925 114 o,
= HFRR I RE
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Fig.5 Comparison of P-R curve of 3D object detection
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