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3D object detection algorithm with voxel graph attention

LU Bin"?, SUN Yang'”, YANG Zhenyu'”

(1. School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China; 2. Engineering Re-
search Center of Intelligent Computing for Complex Energy Systems, Ministry of Education, Baoding 071003, China)

Abstract: Current point cloud-based 3D object detection methods fail to fully use the local geometric features of the
point clouds, leading to poor performance in detecting objects of sparse point clouds. To solve this problem, a two-stage
3D object detection algorithm named voxel graph attention region-CNN (VGT-RCNN) is proposed based on the voxel
graph attention of raw point clouds. Initially, the grid center point features are calculated by multiscale voxel feature in-
terpolation. Then, a local graph is constructed on the multiscale non-empty voxel features. Finally, a weighted average is
conducted for the voxel features by graph attention mechanism, fully extracting and using the local geometric features of
the object to complete detection. The algorithm mainly improves the defect of the present two-stage algorithm, which
does not sufficiently consider the significance of different voxel features in feature clustering. In addition, a learnable
weight matrix is introduced to dynamically learn the weight of the voxel feature and increase the expression ability of
local features. The algorithm has been sufficiently tested on the popular KITTI autonomous driving dataset, obtaining
competitive detection effects. The accuracy of cars with sparse point clouds has been markedly improved. A visualized
analysis is also carried out to determine the detection effect.

Keywords: point cloud; 3D object detection; graph attention; feature interpolation; multiscale features; LiDAR; voxeliz-

ation; car detection
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O s B 2R A 2) 1 T RO SRR
PEAT INASCE X5, 45 31 W A Hp O 0 4 e 3 AR AF 5
3) 0 B S AR BRRRAE AR b FERRAE, 5 )R B
fESEAT PR o

T, WMAKT A V=L, K,
vi(i € [1,n]) BLHE T 89 AL BR (e, 2) T 8RR AIE
fio {7 Xavier™ 5 WHEAT 084 10, AT RE A5 TIE 4
A Fil IR DAAH ] B RE 23 00 A, 1 s BT R

w;; = LeakyReLU(W(Ad, Af)) (6)
s AdFIAS 73 530 g vl g2 T 1) R EG R B R R
P . i FH Softmax pR 00 /] — > &1 A Y 55
R AT IH— Ak, 753 BT Y e 2830 28 A
Watention = Softmax(w; ;) @)
SRS, T B 00 R IE HEA T AL, 193]
WA F O 5B T TR -
ngmmion = Wtention * fi (®)
R ZRHIE
B RS G SR B R R TR
XH
ngnemion _

exp(LeakyReLU(W (v, — g)))v;
o > exp(LeakyReLU(W(v,, - g,)))

meN

Ao kR RS O SRR, moR A O S5 AR IR
R R AR .

AR SCHE 1 P R BT T AR A R T
MU )R EE A, B B IR R, A
Wk —EMEGFEERK ., I THRENLSEHE
B, FATH: 4 33 7 15 B 42 M 4% (feed forward net-
work, FEN) FH4E J5 (14715 s A b A o BIE B A #h 8
FRAE, PR30 25 0 B B TR L, DAY

)

SRFERFIXBE ST, THR T R
fpos = FFN(xiathh r:) (10)
fi‘g — {‘ngttentiun’fpus} (11)

Ay freetionRoR B B TRHE, Rl iR R 1y 25 (]
ARBRFFAE . SRS, THEE 3D B T 4% T R
IR EE B R E, R A RO R AR 1T PF
F, 15 BN R IX Y 22 ROBE AR &R I 8 0 R Ak

fgmulti _ {f:g]x,f:x,f‘;x’f:X} (12)

5, B L RGN Sk T AT i 0 AE 1Y 43 28
A=A TVER
24 WAL EiRE

I 2% f5 i i rh Bl B 7 S AR Y
HE, Fom 4 (xy,z,w, Lk, 0), Hox y 22 FUIAE
OB, w L hFRIR DLl 80 255 1% TR0 AE )
K58, 03 TINAE /Y s ) AR L FEIE TR
W B, 58 4 v L SEHE AR ZE PR O HLSE M, &0
W 28 T+ A5 B A REFR Sy ToUIAE .

AU b Al I, 7E S OO A e 10E 1A B
BT P RS [R] T 1) B A A, SR I AR i AE 1Y
B BT HEY, BURT 512 AN AE R AT IR AR R
{E A1 (non-maximum suppression, NMS), & 11
SR A L S HE (Y 52 9 L, B 0.55 S B AT
ESAAREARTN 7, S e HEATHE R 43 AR

o0 A L S A 22 ] F 1R 22 3R 7R A (Ax, Ay, Az,
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Aw, AL AR, AG), B A B BRI R A X
Ax = Xgt — Xreg ’ Ay _ Yt ™ Vreg ’ Az = Zot — Zreg ’

d d hreg
Wet lgl hgl (13)
Aw =log , Al =log—, Ah =log —,
reg lreg hreg
AO =0y — O

s d= i, + B, FhigrkoR HIHE S KL, reg
SR TS B, Ax . AvRIlAZ 4 5 F 7% 0 AE A

FLME RO i Z B 7E 3 AR RE EAYIRZE (6L, Aw,

ALFI AR 53] 3 715 TH00 AR L SEAHE 22 ) 76 5 L KA
7 ] b R 2E(E
W £ 401 % 53 Sy — B B DXl 15 ) 4 Ak ) =k
L5 Lo 11 B 3 SR8 2 8 DX SRS 0 K 0 2 L, L
PRI AN
Liowt = Lipn + Leenn (14)
AR Sk P iy A I 2 PR TR o KR I8 22
25 K8 B, T AE P 57 R A EE 4 R AN ik ST 1
W 2% AT AR
Lo 3 21y T90 00 HE 8 A5 BE 5 2% Lo F0 18] 5 451 2%
Ly, AN
Lipn = Lay(¢g, €3) + Loy (7, 7) (15)
s e Mllr oy ELSEHE S R B AR, e Flr g Xof
PL A TAE o Lo 715551 SECOND 455 — 2L, filf
JHI Focal Loss™™ -} 1IF i REAS Fy 451 2% -
Lo, = —c,log(c,) — (1 —c,)log(1 —c) (16)
Ly, {8 Smooth-L1 #32% bR %L, A H 1IEFEA
AT
Ly =(c; > 1)ZLSmooth—Ll(rg’r;) (17)

Aifre, > 1R EREA
ﬁ-i}ﬁ 1%‘ %IJ /lé\ E/‘J Lrpnj:JlEi 9'5 :

1
Ln = o (elogte) ~(1-clogL —c)s
(c,z21) Z Lsmootn-11(Fg>7y)

S N R L R B (AT SR RO . —
R DS Lo BRI 0 5 R

3 LR

FATAE KITTI 45 4 FXF VGT-RCNN 47
PIZEFMIR . KITTI® [ 32 b7 5 500 4 10 &
7 481 MNFEAFN 7 518 N HIMEREEA , 1Eh—
Fofr 31 A P 04 5 1, IR RE AR B 4 S — AN
3712 MREAR YNGR A — % 3 769 MEEAKY
W UEAERT . AR AR AL B B R R 1
B, KITTI K H b A I X 2 43 A 17 5. | o 55 AR
ME3AEG A TR E I A Ik A
ETERE .

(18)

3.1 LWREBRSH
SRR 5SS HANE 1 iR
F1 TERES5SH

Table 1 Environment configuration for experiment

CPU AMD EPYC 7543 32-Core Processor 151%
GPU NVIDIA RTX 3090
BAF 24 GB
BIERSE Ubuntu 20.04
Pythonfli 7 3.8
TREE 27 2 HELR PyTorch 1.8.1
CUDA A 11.1
cuDNNJifiAx 8.0
AR G e PR 58 Visual Studio Code 1.66.1
32 XWiIgE
D) S miab s, YRS S fEx, y 23 07

] E 4% 5 PR % /N 24 10,70.4]m . [-40.0,40.0] m .
[-3.0,1.0l m, & F G RIS = o R BT Lk SR
K GBI IEAT R B2 (AR A A ), 35 45
BT s BmSHaiER . &5, FHM
SECOND — %4 384 5 75 =0, DA TIE SE 5 25 2L 1)
ONSF- HOHE AR A TS 2 rP B ST H AR B B,
F55 B AR S = FIbR 25 5 XF 5 R AT Bl AL 46 i R i
B AR RS B B R [0.95,1.05), Ji 7% 1 15 S FiLA
[—m/4,+m/4]; X T A L5 H BRI 1], 5% ) ff
YU BN [—m/2, +m /215 Wyl it o 2 HE AT R AL B0 4% o

)Mk FEM, BEEREEx Yy 23T
A9 K /N 4 (0.05,0.05,0.1) m, WX R AR Z AR S5 AY
=Yk PR K 25 ([ K/ A [10408,1 600,401, 7E 1R K 2
R B, = 4E R K 25 0] LU1x . 2%, 4x . SxI Bk 17
TRAE, 25 2R R ST R[16,32,64,64],

3) B BRI S5, 7R IR B, YR X
BRI E N 128, MIAS B I BN [6x 6% 6], fiff
FHE B ROAK 5 T (0 3 AN RS IR R BEA T4 (., fd
FH 22 ROBE R R R AEA 3 1, 45 J2 0 R R 1F (&1 4
424351 241 [0.4,0.4,0.8, 1.6], X 1o 4 — )2 4N T0 4%
B il Fpe i A 01 1) B0t R [16,16,16,16], 7F W A%
SURRIEAE (AL, 8 45 2R R AR IE R T 5 — W3
324k, &t 4 BEIFEBEIFHMETE G, B4R IX
YA A ALERAE R SF o 128 4. &5, B4R e
B AN Sk 3R 4 T A 118 4 SR AS7 i D0

OIS H, T KITTI £dE 4, U2k 80
epoch, batch size % & K 8, i H] Adam_onecycle fI
s, 2 R iR E N 0.01,

SHHERRSHL, B4R X IR R 100, FE)5
AbE R R, NMS BIE A 0.1, BASE BE R 0.7,

6) RS HANE ., VGT-RCNN 14t 243 H



° 605 -

Bk, A5 RS R R B TE R B =4k BRI A 55 3 4]

Tou A A R L A B A 455 3 A, 3 AR R AL
HAH 1.2 F10.2,
33 LWHERSHM

FATAE KITTI 553k 5 AU 4 b XA L ik 17
TSy, IRR A S A R IR B E RS
HoAth SOTA Jrik AT XT e, nge 2 fow, B 7 R
ARG RROR . SE8k ] KITTLE J7 $2 fErY 37
Y 46 b iy A BUMEBE, Horh ToU BIME Y 0.7, HER
K (average precision, AP ) LA 40 I~ B & 115,

FATH VGT-RCNN 5 HAh SOTA Jr k17
TXF . A BN E J7 - & LT, £ 80% il
GRREAR XA R AT N2, A B R S 0.7,
TIGLERAN G 2 iR o AESE G EN KITTI
££ |, VGT-RCNN DA 14 f/s 04 B3 B 4715 7 H
A TG ) BRI AR, A T B v A R R HE 2 )
K e 43 503K 51 91.24% . 82.36% Fi1 79.34% (1K) 1
W%, MBI B, LR RO KITTIHE W
NIF s

Rz 2 KITTI Wik & _ER E 4 MM LL %

Table 2 Comparison of car detection performance on the KITTI test set

‘ S 3DRGIHERH/ %
Jrik e B /(Ts) i s T
MV3D™ 3.0 74.97 63.63 54.00
AVOD-FPN™ 10.0 83.07 71.76 65.73
F-PointNet"™” 5.9 82.19 69.79 60.59
BRI T ContFuse'"’ 16.7 83.68 68.78 61.67
PointSIFT+SENet"” — 85.99 72.72 64.58
UberATG-MMF"™ 12.5 88.40 77.43 70.22
3D-CVF™ 13.3 89.20 80.05 73.11
Point-RCNN'" 10.0 86.96 75.64 70.70
STD™ 12.5 87.95 79.71 75.09
HT ST Patches"” — 88.67 77.20 71.82
3DSSD! 26.3 88.36 79.57 74.55
PV-RCNN'"" 8.9 90.25 81.43 76.82
VoxelNet"” 44 77.47 65.11 57.73
SECOND!"” 20.0 83.34 72.55 65.82
PointPillars”™” 42.0 82.58 7431 68.99
HTRER Tk Voxel R-CNN"! 252 90.90 81.62 77.06
cT3p"” — 87.83 81.77 77.16
SASSD!"" 25.0 88.75 79.79 74.16
VGT-RCNN(Z30) 14.0 91.24 82.36 79.34

AT E R ZEEE T B 1Y )7 PointGNN #4717
XPEH, W3k 3 fan o AR TP & 7] UL, VGT-RCNN
(%) G 0 A A 3 ELA B B R A . FF KITTI B8 48,
X AT B e A R PR X 9 4 28 AR 3D HE A )
45 9% Point-GNN £ 2.91% ., 2.89% F1 7.05%. [
i, VGT-RCNN 7EHERR 7 AL, UL 14 fs

) A T 55K JBE 405, 24 K PointGNN ) 8.9 15, X &
1 F PointGNN X 55 25 25 [H] i#E 47 4 Ry et 14, 1] VGT-
RCNN W 7 JE 0 DX S tE A7 e 1, a0 17 X% 5t
HEM IO, H R A s AR R Z B
W, KRB BARR SRR ZH B R, 2 ERL
FAF RN RIET

% 3 VGT-RCNN 5 PointGNN 7£ KITTI Uiz £ K 31 Lk
Table 3 Comparison of VGT-RCNN and PointGNN on the KITTI test set

. 3DRGINER /% BEVE I HER /%

Ik SR /(£s) _ L _ - ’
(A rh4E R e S rh 4 VR e
PointGNN'"! 1.56 88.33 79.47 72.29 93.11 89.17 83.90
VGT-RCNN 14.00 91.24 82.36 79.34 94.59 90.89 86.36
#It 12.44 2.91 2.89 7.05 1.48 1.72 2.46
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P d b, A6 R e R B S 4G I (9% )5 SA-SSD
2, HE— L R WA SR B I IE A Rk . AT

AT A R S i T AR (L A IO RS SRR b A XA JE 4
oz B D H AR BA R SR A i 1R, AT
DA R S AT 20 A% SRR, 4R T TR AR

PERE
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Table 4 Comparison of car detection performance on the KITTI validation set

) N 3DREIHER /%
Jrik IR B /(17s) e s T
Point-RCNN9"™! 10.0 $8.88 78.63 77.38
T AR STD[35[]6] 12.5 89.70 79.80 79.30
3DSSD 26.3 89.71 79.45 78.67
PV-RCNN""! 8.9 89.35 83.69 78.70
VoxelNet” 44 81.97 65.46 62.85
SECOND'" 20.0 88.61 78.62 77.22
ET BRI PointPillars”” 42.0 86.62 76.06 68.91
sassp"” 25.0 90.15 79.91 78.78
VGT-RCNN(A ) 14.0 89.61 84.01 78.76

34 AL

FATH: VGT-RCNN [ £ I 25 5 7E KITTI 4L
LM ZA L g b 4T T L R R, 4
S AIE R IR IA | A B, anE 7 R . H
2T HE S TR AE , S 00 BLSCHE . n] LLE F
VGT-RCNN Tl i £1 (L HE 5 B SEAE A B,

YisElg

Motz
el

3DHE ML}
F2DRE %

Ui I FIONAE (7 E A IRG i . BIrPad 2 1R T RERY &
{5 BE 73, B AR BEBRE T 1 3 s 28 ) U0 e vfe
o AR LA, AT RE Y T o 6 A
155, B HE IR A A T 2 37 5 R 9%, FE AT () A
7(c) M, BRI 2 B £ R BRI BT, Ik
IR B AT B4 132 fL g

(b) Tt —

B 7 VGT-RCNN AT RE
Fig. 7 VGT-RCNN visualization diagram

H B SE I8

XoF T R H AR R AT T R SE R, DA M A
AFRIVERE . BT SEE I TE KITTI Yl R4 Fn 5 iE
£ b AT, YIS0 46 6 4R 1 J 3R SCik [27]
PR R L 40 AN I B AT
3.5.1 AE¥A A

S BABIYA RELE, Hh V.GA FoR

3.5

TR B B SR, MUF.T 38R 22 RO (R 3 R E 4
fEASH . (M A5 TR A (EL AR, 7 R X v 45 AT A
HEZ A1) A 0 A5 R — e, (L A R AR IR A T B
Tho B TR E OO B AR 2 R4, B
ARG Z RIERZ I IR ERIE . 2 R AR A
LE R 7R AR A THSRHORT T RO AR O SRR, AT
o 470 (LR TR R 45 A ) AR AR R AR R AT X bE 52 5
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SERFRI] 2 RO R BT 3 BB 42 = 0 Jm B L

o] 5 K B R RE 7, R LA R4 oo A 0 o

K WA O RURRAE S i 22 ROBE A (AR A ), A

PEREARF Ik — 20 4 vy, Xl WY RUAE Fp 25 R DR XE 25

B Hbs s = Wt , R A (e Pl U R B i =

IS ONTIE =T sl RS TR

XS5 ZREBEHREMEEEIENE KITTIRIEE

LHHRASCLE

Table S Multi-scale feature interpolation and voxel graph

attention ablation experiment on the KITTI vali-

dation set %
3DKIHERR
V.G.A M.F.I — - -
7 B rh 4 PRI ¥
v x 89.52 79.35 78.68
x v 89.54 79.41 78.63
v v 89.61 84.01 78.76

352 % REREFRFAER B

FESEATRRAE A6 (R R R BT B e, A
R T 3D B T M4 h 1 2 )2 IR R RRE, FRA
BAUE T 2 2R RSB PERE (R, M SR
IO BN B AR, B A S 6 ol R (D A
WSE, SLIEE AN 6 s, BB INAZ R
FRAE, RO RE B W4 i o 3R PR RO R RUBE 1)
AR R AFEAE T LA (G A [ A7 B A R A0, %ot ) 3 4
TEM 2 BN E/ER o X WUERE T A SCHE Y
2 OB FRAE 475 (8 07 75 Rk R B 1 2 P i A
g
F6 ZREMEHMEEHMEE KITTI RIELE L HH5®

eS
Table 6 Multi-scale voxel feature effective ablation experi-
ment on the KITTI validation set %
AN R R 22
e 3D %
! ! ! ! fA T PRI
\ x x x 88.87 7841  77.13
x/ x/ x 89.17 8274 7845
\ \ \ 89.22 8325  78.54
\ \ \ \ 89.61  84.01  78.76
4 HRE

ARSCHEIE T 2411 5 25 B AR I 75 %5 = 35 L
AR B ERE A R B R, 2 T 3 TR
By m B B =4k B bRl 77 7% VGT-RCNN,
B R R B DX 5, D) A St A o R P X a5 = A e H A
WA D SRR E T AR E I IR R, 2 T 2 R
JE R R R IR, 32 TF T WA oG SRR T

FRITRMENE . R TR BRI PLE], i LR
5 Jr) B LRI 4R AE I A R TSR ) 7 A 3R R AR AL
H, R Y Jy R R IK BE ) BN R . AT
TE KITTI B fa 4 b AT T RE ML RIF S A
9 SOTA J5 ik iE4T T XL, B T HA 584 1/
IR A4
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