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3D Object Detection with Dynamic Weight Graph Convolution

LI Zongmin, RONG Guangcai,BAI Yun,XU Chang and XIAN Shiyang

Qingdao Institute of Software, College of Computer Science and Technology, China University of Petroleum (East China), Qingdao, Shandong
266580, China

Abstract 3D object detection is one of the most critical technologies in autonomous driving,and 3D object detection based on Li-
DAR is usually carried out in the scene of point cloud construction. The current methods cannot fully use the point cloud’s struc-
tural information,leading to false and missed target detection. To solve this problem,we propose a DEG R-CNN based on dyna-
mically weighted graph convolution. Firstly, the primary neighbour and subordinate neighbour are set for the node in Rol,and the
graph structure of the point cloud is constructed. The geometric information of the object is restored. Then, Gaussian and 1D con-
volution are used in the graph to efficiently aggregate the point cloud’s structural features. Finally, the cross-attention mechanism
adaptively fuses image features of different granularities to supplement the image semantic information. Experiments are conduc-
ted on KITTI dataset,and the effectiveness of modules is verified. The 3D mAP of the method reaches 88. 80% , which is 1. 22%
higher than that of the baseline model. At the same time, the results of 3D object detection are visualized and analyzed in detail to

understand performance and accuracy of the method better.

Keywords Point clouds.3D object detection, LiDAR, Multimodal fusion, Automatic driving
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Fig. 2 Dynamic weight graph convolution
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Fig. 3 Generation of primary and subordinate neighbors
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Fig. 4 Distribution of primary and subordinate points
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DEG-S Ui F ¥ )¢ 75 ik 18 o~ 1% B #% , DEG-M [R] B fifi F #0k
IR FOAHNAE AL RS, AT LB R, AR SR8 7 B A7 3
e 7 AR 25 3

F 1 KITTI Hd 4 = 4k B bRk i 25 52 19 % He
Table 1 Comparison with state-of-the-art methods on KITTI for
3D detection

%)

3D & ME#H E (JoU=0.7)

T BE R & A # mAP
VoxelNet! LiDAR 81.97  65.46  62.85  70.10
Point RCNNI! LiDAR 88.88 78.63 77.38 81.63
SECONDL0] LiDAR 88.15 78.33 75.25 81.54
Point-GNNL?J LiDAR 87.89  78.34  77.38  81.20
3DSSDI2] LiDAR 89.71 79.45 78.67 82.61
SA-SSDL24] LiDAR 90.15  79.91 78.78  82.95
PV-RCNNC3] LiDAR 92.57 84.83  82.69  86.70
Voxel R-CNNE LiDAR 92.38 85.29 82.86  86.84
OcTrk25] LiDAR 88.47 78.57 77.16  81.40
Graph RCNNL6J LiDAR 93.33 86.12 83,29 87.58
MV3DL22] LiDAR+RGB 71.29  62.68 56.56  63.51
3D-CVFL26] LiDAR+RGB 92.28 79.88  78.47  82.67
CLOCs[27] LiDAR+RGB  89.67 85.94 83.25 87.25
EPNet!28] LiDAR+RGB 92.28 82.59 80.14  85.00
FocalsConv!29) LiDAR+RGB 92.26  85.32 82.95  86.84
VFFL30] LiIDAR+RGB  92.31 85.51 82.92  86.91
LoGoNetl!7] LiDAR+RGB 92.04 85.04 84.31 87.13
DVEF-VI31] LiDAR+RGB  93.07 85.84 83.13 87.34
PA3DNetl32] LiDAR+RGB 93.18 86.02 83.74  87.65
VoPiFNet!33] LiDAR+RGB — — - 84.24
DEG-S(& ) LiDAR 95.08 85,75 82,74 87.86
DEG-M( K %) LiDAR+RGB  95.71 86.77 83.93  88.80

R 52 06 25 5L A SCHE Y O TR A R B LR AR VIR HE 3 A
S 2R 0 8 =2 T TR B R R R AR T . AR AU Ok
Tk AE AL AR 1 7 DEG-S 19 3D mAP # it T HAl i
A B Ty 1k, R A AR T A X BE 2 ) S T SR . DEG-
M #AMEE T ok A ALY RS B Z B RE kb,
B 3D mAP LR R m M. B ER FRFMEZHEE ik
PA3DNett?

BEAE R T4 7 1k 5 H At S T B = 4E B AR DU Oy vk
7T Hhde, iz 2 B3, M T Point-GNNY' Al Graph RC-
NN, DEG-S #9 3D mAP B4 T R F W%, H+P,DEGS
] 3D mAP H Point-GNN & 6. 66% .

#* 2 HETEMITENN L

Table 2 Comparison with graph-based methods
%)
. 3D A i H % (ToU=0.7)
R i e mAP
Point-GNNL?! 87. 89 78.34  77.38  81.20
Graph RCNNC6J 93.33 86.12 83. 29 87.58
DEG-S 95.08  85.75  82.74  87.86

K Point-GNN R ZEEE N S a ., ir g
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B 2 B0 R 34 B JB) 22 328 & T DEG-S Ml Graph RCNN, [
I 3X L H S Graph RCNN 5 DEG-S #E47 %) 1, 45 5 3
fii%l, AILAE 2 DEG-S th DWG (1 2 8 i F i B0 ) 25 7
F Graph RCNN #1 DGCNN ) 2= % £ Fl # BB 8] . 53X J& i
THRBURHE B, DEG R-CNN fif il Gaussin bR A 1D % B,
T Graph RCNN 1 2D 5 R 48 5 T RS B 850%

* 3 SHEMWIT KX

Table 3 Comparison on parameters and runtime

VRS % ¥ i K /ms
Graph RCNNL6J 5.04 X107 39.2
DEG-S 1.28%107 36.3

Point-GNN, Graph RCNN 5 DEG R-CNN [ ] # fk &5
R 7 g, Hod, SR A AL L 5 E 3 HE 40
Point-GNN, Graph RCNN #l DEG R-CNN 7 & = 37 &t il
RO gs 5, WTLLE B LIRS — B AN o it R = A
Yoo iy B8 50R 4 BA M B 2 B 450, X 5 5 1 R Y
BB . A SO DWG RIS PR S = i &1
FANGE A A B AR R A {5 B L 3R v R AE AL H AR ) A
W PERE . 7E55 DU 55 1L 5P, Point-GNN # Graph RCNN
R EAR IR AR, R R0 sz HE2
DEG R-CNN BEW 78 43 3t FIl FI 1 = 14 45 09 155 8L 1047 4 3, OF
F45- 3 H bR W 44 58 % R U AE

CNN 8 Y, W / S

AEAE

) FmliE BHRE > Rk

T

B 7 Point-GNN,Graph RCNN 5 DEG R-CNN #J A #fk 45 51
Fig. 7 Visualization of Point-GNN,Graph RCNN and DEG R-CNN
4.4 HEELE

ARSCHE KITTIPY #4645 bt 7 Al 9250, 36 3E T DEG
R-CNN B 19 4 R0 5 W] i % 161 46 B0 18 AROR B AT IR R
RN T R =2 H AR 45
404,01 BESA K

# DEG R-CNN f DWG 5 Graph RCNN fy DGCNN!?!
HEAT LA gk 4 ], #5538, i DWG # ft DGCNN
AT UK RS AY 3D mAP $255 0. 28% . {151 & A S, 7F T
I MEBE 3] . DWG A A6 DU v 7 % Ltk DGCNN & 1. 75%, X
& R A 87 B g 0 /) H AR RE R BRI IR R S ROR
DWG B 25 5 783X B )5 16 25 = b o B bR 9 (4 3 58 47 1 4 4
45t

RJE 1 DWG #HUS I A AGF Bk [ 1& B #b il & A [7)
B B R ARAE . 500U DWG B DEG-S # [t AGF
FEH A AG I AG 3D mAP 3218 T 0. 94 %, I H 78 BT 45 ME & B9 2%
e R 2 RS AT AN )RR EE A AR T, IR TOX T A& A A
BER NN B AR R, AGF BER AR RE A 20 Hh Al & 2 = 5 RS
FRAE

#4 o BANBEHBYGE W
Table 4 Impact of each module
%)
3D A E B & (ToU=0.7)
R & ki3 mAP

DGCNNLI9)  DWG  AGF

J 93.33  86.12  83.29  87.58
Nj 95.08 85.75 82.74  87.86
NG N 95.71  86.77  83.93  88.80
4.4.2 @A FE

T UERH AGF #53 BE 4% A7 A% b il & AN [R) 62 32 1Y) 15 ke
fE ¥ AGF 5 Add 1 Concat J5 ik #E17 H A, 5 a0k 5 fr
%], Concat tt Add 9 3D mAP 1 0. 55% »3X J& i T AN [l ki BE
B EGRHAE R R 1915 B B 22 5 Add X R AE BEAT 0 F0 43 i
BEMGAT BB %, Concat W 23 f5e KT BE b % 28 79 ki B2 (4
F1R 155 . AGF [t Concat A %, 3 EL7E 7] 5, v 25 Al IR A
3 ANME B R 90 A I ok B % 4 5 L6 Concat 5t 0. 272,
0.21% 1 0.18% . X & H1 T A [F] AL BE (1 P & 5 AL M &6 /4 {5
BUORTE 7 5 PR O RE ML Hh 08 B e 145 A RARAE . R0
AGF W] DL i 1 3 70 AL A 8 95 b & A [ hz B2 1) 115 e
A, T QT R R AR AE B G SRR

#5 B EIRIIR L

Table 5 Comparison of fusion results

%

R 3D 4 F (JoU=0.7)

AT ik T y 5
% & W mAP
Add 94. 89 86. 31 82.88 88.03
Concat 95. 44 86.56 83.75 88.58
AGF 95.71 86.77 83.93 88. 80
4.4.3 BABERBEK

R T RS P 4 AR AR U RO AR I i A B e, R kA
BT AEN 4,6,8,10, LA &AW E T 09K 45
AR 6 FrE ., w LLE B TG00 (0 A D 1 fg B A 1% AR
B B8 0 2 3 L (AR A 3D mAP 7E T=6 M. X
R A G o B AR R R S 2 B R L SRR £
DT LA 75 43 1 I E AR P A 0 05 s SRR AR . ER, TP A
R R ) v 0 AR 1 s 2 R K R A 28 e A D AR, R ET LA
L R NIV EER R =W A RV AV 2 B s = R oA 1)
P2 .

F 6 EZEAE T 15 m

Table 6 Influence of the number of convolution iterations of
graph T

%
T T & T % mAP
4 95.61 86. 39 83.57 88.52
6 95.71 86.77 83.93 88. 80
8 95.73 86.57 83.76 88.69
10 95. 82 86. 31 83. 44 88.52

HERE  EXIA N BE S o LR H A B AR B Y

[ 5, 42 1 T DEG R-CNN., %5 3 R FH 32 4B 5 FlIR 45 £, 78
b S 2 ST T SE A AR N SRR R IR M R E B
BEAN ASCIR ST A IE L A AR Bk il A R [RLRL B
EMERRAE . 78 KITTI #8845 L aF 1709 22 3056 b . DEG R-
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