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Abstract  Environment perception is one of the key technologies to ensure the landing of autono-
mous vehicle, and it is crucial to improve the safety and reliability of autonomous vehicle. Three
dimensional (3D) object detection is a core task in environment perception technology. It aims at
identifying and locating different objects in 3D space, and provides important information for the
subsequent decision-making and action of autonomous vehicle. Point clouds and images are the
most commonly used input data for 3D object detection task. However, point clouds are
composed of irregularly distributed scattered points in 3D space, while images are composed of
regularly distributed pixels in 2D space. Therefore, it is difficult to map and fuse irregularly
distributed point clouds and regularly distributed image pixels in an effective way. In recent
years, as a type of image information input in the form of point cloud, image pseudo point clouds

have received widespread attention from researchers in this field. But 3D object detection methods
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based on image pseudo point clouds still have some issues. On the one hand, the feature
extraction process for image pseudo point clouds is still relatively rough. On the other hand, the
representation ability of Region of Interest (Rol) features of image pseudo point clouds is still
poor. This paper conducted research on the above two issues, proposed fine-grained attention
convolution and multi-scale group sparse convolution, respectively. Fine-grained attention
convolution introduces the commonly used depth-wise separable convolution in regular image
processing into irregular point cloud processing process. On this basis, channel attention
mechanism and group attention mechanism are embedded for fine image pseudo point cloud
feature extraction,and to enhance image pseudo point cloud features. This kind of convolution
can enhance the fine-grained information of image pseudo point cloud features. Multi-scale group
sparse convolution groups the image pseudo point cloud Rol features after grid pooling, performs
differential feature learning on the grouped Rol features to obtain Rol features at different scales.
This kind of convolution can enhance the representation ability of Rol features grouped from
image pseudo point clouds. On this basis, this paper constructed SFD+ + multi-modal 3D object
detection network, which introduced the proposed fine-grained attention convolution into the
feature extraction process of image pseudo point cloud, and introduced multi-scale group sparse
convolution into its Rol features learning process of image pseudo point cloud in SFD (Sparse
Fuse Dense) 3D object detection network. Experiments were carried out on the authoritative
KITTI autonomous driving dataset, and the results show that the constructed SFD +-+ can
process 8. 33 frames of data per second. It achieved an average precision of 95.74%, 88.80%,
and 86.04% in easy, moderate and hard 3D car detection subsets, respectively. The achieved
average precision is 0. 15%, 0.84 %, and 0.58% higher than the current second-best 3D object
detection network SFD. In addition, a series of ablation experiments and supplementary
experiments were also conducted on KITTI datasets, the results verified the effectiveness of the
proposed fine-grained attention convolution and multi-scale group sparse convolution, as well as
the rationality of related parameter settings.

Keywords autonomous driving; 3D object detection; pseudo point cloud; attention mechanism;

depth-wise separable convolution; group convolution
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IR 1 FAC, fifidk 7 H B AR S0l i f2. 4%
WA X FAC MR EE W] 43 85 45 R M & 1 HL
il B4 22 S HEAT 43 A AT IR

(DFRE A S G RNEHE M 2R

A B 1 Lok E VR EE AT 43 25 45 B P 8
S AR A B T FAC AP Al 23 B % A
FIAE T 51 A PR Rl 2 07 ML DL E 17K 4 0% 457 4iF 9
ﬁﬁﬁﬁﬁ%%%ﬁﬁﬁﬂ%ﬁ%ﬁﬁﬁzwmﬂ
KPR A C, M C, 200 A i R AF 38 T8 %
B R RSE.

Teo 1 1
Tin*ci‘i‘(fz (8)
MARX () FR, Y C,>1 B, WAl 43 55 %
B A BN TR O SR B T S o R B

WHHC, N1 BB EILE AT IR E A 4 55
FUFRR L R A Y T e R S Bl 38 T — 4R
HRL T AR I FAC 3 A B85 2 R G3T
R ECR. AR FAEASCERI M FAC ' Cy, 8 H
BEK s PR 3 R A O R 23 7R W RS RS b - 3
KEZ A&

(2) R )AL R IR 25 5

PUAG B ML G0 R M MR I
TR A S8 ER R ACRR AR Cln R R AR B R
i) Hz2= 8. M an 51 5 BT ik, 55 = 2 41 E B 5%
ZFBEAHTHEERINES] HR s nA
LRI AN R 5 2 (B A G &R Ik, A SCHE B FAC
TEBE I A5 2 o3 2H B B AR 2 h 2R ) SRR IE R
FUEE , DI AE 1 R BE AT 4 B3 45 R 51 5 0 = R AE
4, 75 B A A 50 7 1 A 2 RRAE

) EE ML ) 2 5

SBIERE =Wk | EAY N RE =Wy by = Wil R g RO RES
iﬁﬂﬁwwmm?ﬁzﬁ%ﬁﬁfﬂwm%ﬁ H

I Y 2 8] 7 2 0 AL e DL B T R s 8
iﬁlﬂﬁufﬁzﬁﬁW%A&ﬁﬁwwLu
2] B B 1 AU OB B S s A N
HEE, DLk B 5 2 ) 2 RO
3.3 ZRESEKBRSR
3.3.1  Z RS b AR R

ARFAH MGSC g4 B 2. K 3 8 MGSC
) HE AR S5 4

SRt R )

F™ =

-
BEL) o

L ADREEEEE#
g | i
It ;Ir_gt' ______________ F™
- R G| @ mEME
SSCIM 5 *? ® EELTIE
[ scwz ANREESEH2 |

B 3 MGSC Bk 45 R &

WE 3 frR, MGSC 6 2 1 % 70 41 46 FL S
Rl = Rol #8 MUERAE E A7 0 41 . 73 8 F° FY
HFF 5 B4 500 2047 JR e ROBE R 2 R 2% 2] MGSC
AT LT 5 T 2035 Rol % W REAE 9 24 > i . — 2

i kN RUBE 7 % 1 R AIE 2 2 L F8 5 DR 0G ROBE R 1IE 25
[E] H PR REAE 27 2T s R L 13 O e R D G R 2 )
RRAE s TR AE /N ROBE S B rh HEAT R AR 24 ST BB AT
AN TR RUBE R AR AR S, o8 i o R AE ] B LA D 0 R
J3E 2 () A5 A0F A 8RN R BE R 1F 2 ) {5 8, 3 A T
Rol #& PAFIE I8 22 R R AL fE

Xof I i R A 6 MGSC i i SSC B ex) FY
HEATAL3RAS R F TR BA A ROBE A B, A Se i —
MBI 1AM ERZ 1A BN EM 14
Rel.U i pR %2, X T 2 RS B . MGSC 5T B &
WEG T T WA /INRUEE 27 ) S I AR IBUAS [R) R 25 [

T Rol 48 RHIE , 22 RUEE 2% 2] (i B AR 4

B MGSC # Fy' ik A/NRUBEE 6 £ 1, el

FH—A~ SC HIeHs Fi B R A 2/ ROEE 25 [ v, B
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i FH—~ SSC HLIT7E T R AE Y /I RBE 25 0] o %) 4
fEHEAT 2% 2.

Hk, ff F— A% 51 X % B (Sparse Inverse
Convolution, SIC) H. o4 /N R 25 [8] F 14 R 11 B 55
FJEG ROEE 25 (8], A5 2O & = 9 [ 35 1Y Rol 4% M 4
fiE Fro,. Bt BN 9) fiR.

F5 =Fy @ (SIC(SSC(SC(Fy)))) (9

R/ QU A= B R: R K N I
MOARAE A3 8] Fr. i F /N 25 8] F M FRAF LA 5%
A SR 7 BT L DRI 2 R A ke S TR B R S ] S AT
PLA SRR TR bR ROBE R AE 28 4k, s A2 2 5K (1o)
IR,

F? =SSC(SSC(Fy") & sigmoid (F3,) ) (10)

MK B F ik AN ROEE S £ 2 iE4T Ak A5
# FY

e ERIE FY RS R FY 13 8] MGSC i i i
FHIE F
3.3.2 ZESMar

3.3. 1 W T/ A BB MGSC, #iid T H
BERSZIR AR . A B R MGSC Fw £ R 2% )
J7 B AT 25 S AR AT TS

AT 22 RO R AIE $ B 7538 I B 2 SRR R
A o AU 4 300 o B A R AR 0 A A B A R A
(45 ROBE R A HEAT & 0049 3 2 RO RRAE. 40 SCk
C44 R FF B0 22 ROBE R AF AR BB B, R A T 1.2,
3.4.5 3 5 Fh B B RS 19 4 B R o0 Ab B i
iF. 33 ol i 4 224 1 X6 B ACRREAE 43 501 1E 4T Z2 Uk R AIE
PRI, FAT R KL AR SCHT 4R H MGSC T 56 H i
NEFIE 3 0 = 4 A i AR E 4 B AR A
TS S A A B LN RUEE 25 8] R IR AE 15 B A
T 1 B T G R 2 IR R AE s B S A T S R AR AR

EXI BN
3.4 ETHhAZHEREMN =4 RGN KN %
3.4.1  PILKARy

(D IRE 5 = AR L

X TR % 5 =R E , SFD+ + % | SECOND #%
T BT P2 AE S J5 0 a5 = FR AR SR HUE T W 4%, A
SO M 4 S50 1 TR, Hoh — A S 4
SRE DB, 55 P T N E E A KK
A AFEOEZE FE i D RR AR 4 B S R R F
BAEK.

(2) DX I AR I 45

DX 35 2 8 P90 2% = L T A R AT 55 T 7 1

Rol. 7% 3R FH H i 38 FH ) DX 442 150 0] 46 45 4y 2
AN PR FE AR S5 K A R

®1 ZHBREANESH
i 1t 45 FH T Y M i 4 R
LR =1 — (4,16,3,1), (16,16,3,1)
BRI E2 (16,32,3,2)  (32,32,3,1), (32,32,3,1)
BRY£3 (32,64,3,2)  (64,64,3,1), (64,64,3,1)
BRI H#4 (64,64,3,2) (64,64,3,1), (64,64,3,1)

(3) Ph a5, 2= R AIE 2 B

SFD+ + %6 % Hl TWISE"™™ 47 8 J& #b 4>, 3k
50 5 0 TR BE TR o DA AR A5 6T 107 1) PR s 2 s T B A
o7 AN AL 2 R AR R B0 265 3R A7 AR B 1Y) PR S R
TEFZIC, ARAS ELH 5 10 O 45 = R AiE. 6 F FAC, A&
TR O A FRAE S B 4% FACNet Q& 4 fis.

a a
ﬁ‘ﬁ L £ ol =2 e
=lZ 3] = |Z
e g
S (S
C o6 —
FACHH co2
Ll
=[E
=[7] 82|12 57
caz L 4 5
FACHUHE2 C. 24
o a
Lp——= AL 2 Il 3lz|2] 22
t— bl EIHE
€24 = =
FACHLUHRH3 C_48

R = = = = |
& 4

FACNet 45175 &

WE 4 frR  JFACNet E£2 ) =4 FAC Bl
B, BAS FAC B8 4 — 4~ FAC #l—A4> MLP
45K, 1% MLP S5 840 % 75 A~ 46 BT, i A CRRAIE 2
JE T R RRAE 4 B 2 AR TR b FAC BB C,.. 7E
W o dUERAE R A 2 — i FAC B8 I R 6 H il
G LU NS LY (AR W DS R o Al B S | B 5% et
H— &R RS R L5 BTk o 4R 1E B
HE AL EEH N EBEER TN 1 B RRT
HE— 22 3] 5 = FRAE. G BT iR R A A dURRAE B
PR A AR RS SRR AR 5 A L R
T B ATk

Pl = By B~ 808 ), FACNet By H 4 5 2
mF.

BB A FAC BiE 21, Dl A s s
HEAT AR IR R AT B ALRRAE a FIAr PR 5R 2 b s

HW L FAC 4B a A1 b, IF 26 AR 4 FFR
MLP #5415 81Z 55 4 AE @ € R
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PR K 2% A FAC BEdk 2 2 Fil FAC
Bt £ 3 HATA IS 0, €ER™Y Flag, €ERY,
X H AR,

BRI HR RRE A =AY FAC BB 1 i 5 AE
HRIKE R, 13 8 Z R Dh A SR E a0 ER™L

(4)Rol FHE2: 2] 1 2%

FF MGSC, A @ Rol FFAE 2 2] I £ 45 fh
meE 5 iR,

BRI > ]
1
[Rot —»| Himi | B
S 3' He L;ﬁ:
Do T > >l 7 gl gttt

€5 Rol Rk ] M4 451 R &

XF T 5 2 A Z AR AE , SFD++ % ] Voxel-RCNN
i A 194K 2 Rol 4k (Voxel Rol Pooling) J5 ¥ i
ATA% Pt AL s X T O 85 = FRAE , SED+ + J6 ff A Par-
tA*Net H ) Rol J&%1ith fk (Rol-aware Pooling) 7
P AT Wt AL L A 5 SSCLSC Al MGSC =44
FURITHEAT Rol FRME24 2], % 5 BLH T A K S 8
W 2 fir 7R, MGSC w7 RUBE 32 10 #1256 2 80 %
3 k.

F2 RoIBFHEZEIMEMNSEH
HRPITHE BRERST LK MARELERE b R e e i

SSC 3 1 90 128
SC 3 2 128 128
MGSC 3 1 128 128

£3 MGSCH/IMNREZEMSH

ANRUBE S 1 INRUBE S % 2

SC  SSC  SIC SC SSC SIC

i ARFIE 4 B2 32 32 32 32 32 32
i R AE A 32 32 32 32 32 32
BRR ST 3 3 3 3 3 3
AN 2 1 - (2.1, 1 —

1E 4T Rol WAL , SFD+ + I Kl | Voxel-
RCNN H{fi Y 6 X 6 X 6 4% W Fil PartA*Net Hfifi
FHI 12X 12X 12 K& I, 17 2 AR 408 46 0 H A 1 = 4 R
K] 2 It Ak R D R R o G RS T Y
Nk R N

(5) K 3k o 2%

SFD+ -+ %k 5 SFD #H [R] i9 A6 I 3k 09 £, 3 L
AN L R A A
3.4.2 UK R

SFD- - (451 2 o8 B0 32 B vl X 5 12 180 0 2% 3 2k

L 600 S P25 1) 395 A 8 B AT 55 PR Lo < Lo
FRIVRG: 0 Sk 190 4% A 00 463 2% L o, — 3800 0 4L B, L LR
KRBT LR R A AAD).

Lot =L o + 0.5 10 + 0. 5L 0 + Loy (1)

L, HFH L1 R A S RA 8, Lo
Lo 1L, B L1 4520 A1 — o0 28 UM 1 2k 4
B P LT R R A X (12) s,

0. 5x" if |z |<l1

Smooth — L1(x) = ) (12
| x |—0.5 otherwise

A = Ares— Ares” , Ares i Tl 31 FHE 19 R
P RS . Ares” Sy TN 3 AHE ROSE A% 09 00 1k
H#5.

SR R AN (13 FiR . Hob e =0. 25,
V=2, p . HETFITEC [0 UK H AR A H 5 5 bR
2.1 fRFEAT R 0 AARFF 5
Focal(p..) — —a(l—p ) log(p,) if [6]=1

——a)py'logl—p,) if [b]=0
(13)

TIEAE S AR R R I 2 5 A R L b p,
o ENAS B R EAR sy, N E AR AL B AR,
BCE(p, »y.,) = —y,loglp,) + A —ylog(l—p,)

(14)

4 SRR

4.1 XWEE
4.1.1 B4

R TR A T R AT A BT A SCR A
B2 B A5 IR AY R 1 KITTT % i 4207 3R 47 52 36, %
F i m R R AL A SO = Y2 (0] R B L o B R v
HE ERAMIEZEMLSE KN 0.05 m, 0.05 m,
0.1 m), AR N L= W RRAE B AE 1R R 140
RFRRAE. KITTT A 26 6 5% 7481 Dl ghbe A, A
SCAHE N iz 4R B 5T N B Rl R R L Ay o
3712 F 3769 MHEA WK 43, 43 S AE Ry Il 25 4R T
B IE 4.
4.1.2  VEAEARE

KITTT 8 46 3 55 b i 18 DU H B 43 2 167 5
252 R R R AT I AR S o SR AR 2 M T
FHEATE RIS, TR ER HAR R A Zh 2 7 5t
TR SRR e 2 1 B AR, ER IS5 SRR L BB
T b A B O 2 1 R DRI L, AR S B DAV AR AE S5
WAl H 5.

AR SC N KITTT 5040 55 7 2Kk, 3= 2 fd



768 it (=2 Bl 2 i 2024 4F
40 /™8 B B -85 i (Average Precision at 40 SR R . BT A BT FA

Recall Positions, AP@ R40) X %6  £5 5 £ 1737 4.
() IR Hy T3 SRR 23 WF 9 TAE R # 4 s 1 11 A
B IR B B 485 B (Average Precision at 11 Re-
call Positions, AP@R11), It A LWL AP@RI1
R VEAR 4 A5 0T X 28 HEAT T PRAL FIX L.
4.1.3 NESH

N 25 o # rp, SFD + + A A & A AR AR T
(Adaptive Moment Estimation, Adam) {4k 2587 #1
AR 5% A8 KR R 2 o] R HE TN 2 o RN 2R
143531k 1.0, 00125 H1 50. Al H]— A Hid%& RTX
2080ti GPU FIZR SR AR 4210 CPU By 315 4L 58 1L

S
4.2 TEELERMoW
4.2.1  FIELBY B At o i B9 X Eb AT

Sk TR A 7 HEAT AN B AR SO e A
[l —SCB P45 T 2 I T I JLAR e i 1 = 4k B ARk
W7k, F 4 S~ SFD+ -+ F1 HAth Je i )5 ¥ 78 KITTI
I UFAE VR =4 AR A AP@R40, Horp L Al
I+ L 43R sl = =4k B An e I 7 35 fil 2 83 =
LSRN SRl R

M 4 fim . FBIA TN RS S 240
B =4 HARA I 7 s SR U T s s =4 B AR
o 75 v T v R BE L AR SCHR R ) SFDA+ + A A
=M Z B =4k B AR I 7 2 b B OR T A =
G DA T ] BRL v 25 R IR XE B | 23] Fe Al
() SFD 1t 0. 15% ,0. 84 % F1 0. 58 % . JB 3 T 1 75
VR G = 2 H A s 00 R

F4 SFD++FEMEHRFTENESE
ZH BRI AP@R40

H o] = 0,
ik 1:;:; B (L rh{;j(;xiﬁ -y
SECOND"?"] 2018 L 90.55 81.61 78.61 83.59
PointPillars™"! 2019 L 87.75 78.39 75.18 80.44
PointRCNN! 2019 L 91.82 80.57 78.08 83.49
PartA?Net'*?) 2020 L 91.56 84.27 82.05 85.96
PV-RCNN+ -+ 2021 L 91.79 84.62 82.49 86.30
VoTrH 2021 L 91.95 84.63 82.50 86.36
E?-PV-RCNNF 2022 L 92.12 84.83 82.63 86.53
VoxSeT! 2022 L 89.55 80.64 78.14 82.78
SRIF-RCNNH™ 2022 I+L 92.23 85.43 83.17 86.94
SFDM 2022 I+L 95.59 87.96 85.46 89.67
SFD+ + — I+L 95.74 88.80 86.04 90.19
=7t — —  40.15 +0.84 0. 58 +0.52

2% 5 A SFD+ + FH A e it Jr vk 7 KITTI 5
WEAE E AT AR AFT 2 F =4 B A Kl AP@RA40,
Horp L1 T+ L 20 50 3 5 = = 2 H B A I Jr vk

J& T/ B T LR F ek 28 H AR i RS B
W3R 5 iR JR — 2 P YRS B TR R AT AR B AT
T TR ORG-S L gk 5 PR AR SCHR IR Y
SFD-+ + BARTE HAT 4 T2 TR 1 I R WU o5 e
1) AP@R40,{HH V¥ AP@R40 ik %] 70. 67 % 4k
T35 P HA Iy R PR SFD @il 1,83 %, &
BT RN H AR A R
®5 SFDH+MEMEH T ENITAMETE
F=Z# B AP@QR40

. . INELY AT 4T —
VRS RS — - p ——— y .
W R A RME e b B PR
SECOND™ L 55.94 51.14 46.16 82.96 66.74 62.78 60.95
PointPillars®” L 57.30 51.41 46.87 81.58 62.94 58.98 59.85
PointRCNN/2) L 61.69 54.97 48.48 91.64 73.26 68.78 66.47
PartA’Net™™ L 66.89 59.68 54.62 90.34 70.14 66.93 68.10
PV- _
. g L 65.05 58.23 53.31 91.11 70.00 65.50 67.20
RCNN-H+
VoTr 1 L 54.65 49.44 45.86 88.50 70.09 65.61 62.36
E*-PV-
oy L 66.47 58.58 53.30 92.17 72.71 68.90 68.69
RCNN®
VoxSeTP L 58.56 53.48 48.58 87.77 69.48 65.20 63.85
SRIF-
I+L 65.30 57.82 52.25 90.20 69.29 64.51 66.56
RCNN-
SFD') T4+L 72.37 64.91 57.99 90.00 66.12 61.64 68.84
SFD++  I+L 74.99 65.48 58.53 89.90 69.84 65.29 70.67
2T+ — 4262 +0.57 +0.54 —0.10 +3.72 +3.65 +1.83

B I =22 A, A S A A 1 AT 5 4050 2 A G
802, LA AP@RI11 2 48 A5 % 3 JUAF $2 0 i 75 25
i wPPAh L 45 R A0 6 Fios . R A B 51 A
AN 2% SCHk. 4 6 FT7x, SA-SSD 1) AP@RI11
e a7 B R IO T R s RS L AP@RI1T W
SED++ & 1 0. 20 % , 3% £ 22 i F i 52 H 4 ]
DLFE B AL S Y R £ SA-SSD 4R 9 R AE
% JE N b TUART 25 48 1Y) 6 B AT 55 A 3X 28 H bR b R
i % ¥R R AL #e. (H SFD+ + 75 8 Y o 45 1wk
DA ARG I ) PR M X E I 51 B SA-SSD i i 7. 38 %
F7.26 % 28 8 P T 17 B B8 A I I A7 A 1Y) B
PR 408100, LA R 4 MK 6 B SLERGER T
PLE . e 1] AP@R40 3£ & AP@RI11 #E17
PEAL A SCHR B SEDA+ + UG T A i = 4k
SR ORI Y

% 78 SFD+ + FHAh S # I ¥ AE KITTI il
WA R =40 AP@RA0, R A SR 45 A
FHR 2 2% SCHk. W& 7 iR, SFD+ + 9 AP@R40
W T Bk SFD DLAME =4 H br R M 4%, 5 SFD
AHEG  SED —+7E =S MEBE T 006 04 2w A1,
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GERFR A RS FEOMET LKL RATUE
- SFD+ +7E [F]— S2 50 M58 T (19 30 uE 42 52 50 b RS
TS R IRG B T E S ) S 50 PR BT A It A
B RSB R AR, AR SCIA N IO B IR A R A
SCEESAN AT E AT 1 4t KNSR SED+ -, B A L
i 8 SRtk K /NIE AT YN 2R A5 2] (4 SFD ] 48 4 45
AR SCAFE ) SFD+ -+ IR SE AR Y77 fh M B R A

# 8 N SFD Ml SFD+ + 4% #6843 iz 41 K. H:
H1 AB.C.D.E.F fl G 43 4C R EEAG I 8 = Fr
TEFEIC Rol A i th a5 2= 43 1L Ph A = R AIE 42 B
Rol FRAF 2 > FRG I Sk 9 4% . A SC i $2 HE 9 SFD A+
3 B4R H FAC F MGSC gk T SFD B2 H i E
M F e, R s EF i i [ A&, tesh . il T+
SFED-+ it 4 /I8 (1 4 10 RUSE o BRI 5 S5 1 G 3 sk
A 2 JiT % H5F i) AN [

®8 SFD++EMARIBTHEK A28

A B C D E F G

SFD+ + ) 0.3  51.1 3.0
21,0 23.2 6.3 50

SFDM 5.4 52.9 3.6

R 6 SFD++HMEMEXTENESE
=ZH BN AP@QRI11
- £ i KA %)
i ] W hE R P
SECOND" 2018 I 87.43 76.48 69.10 77.67
PointRCNN2 2019 L 88.88 78.63 77.38 81.63
STDM! 2019 L 89.70 79.80 79.30 82.93
MVLSNE? 2020 L 86.31 77.32 73.21 78.95
3DSSDE 2020 L 89.71 79.45 78.67 82.61
SA-SSDFH 2020 L 90.15 79.91 78.78 82.95
PartA?Net:*? 2020 I 89.48 79.47 78.54 82.50
PV-RCNNF?I 2020 L — 83.90 — —
Point-GNN!#* 2020 L 87.89 78.34 77.38 81.20
DVFENet™™" 2021 L 89.81 79.52 78.32 82.55
CIA-SSDH™ 2021 L 90.04 79.81 78.80 82.88
VoTrH 2021 I 89.04 84.04 78.68 83.92
VoxSeTH! 2022 L 88.45 78.48 77.07 81.33
MV3DEY 2017 I+L 71.29 62.68 56.56 63.51
AVODH" 2018 I+L 84.41 74.44 68.65 75.83
ContFuse!®® 2018  I+L 86.32 73.25 67.81 75.79
F-PointNetH 2018  I+L 83.76 70.92 63.65 72.78
F-ConvNet™" 2019 I+L 89.02 78.80 77.09 81.64
PI-RCNN™ 2020 I+ 88.27 78.53 77.75 81.52
3D-CVF 2020  I+L 89.67 79.88 78.47 82.67
Azimuth-aware
Fusion™] 2020  I+L 86.77 76.84 75.92 79.84
usion-
Multi-Layer
Fusion™”] 2021  I+L 83.77 73.84 67.37 74.99
usion-
SFDM 2022 I+1L 89.74 87.12 85.20 87.35
SFD+ + - I+L 89.95 87.29 86.04 87.76
=7t — —  —0.20 +0.17 +0.84 0. 41
%* 7 SFD++FHE M5 A A KITTI X £ L/
Z 4N AP@QR40
Sk £ e HE)
B 1] T b EEE P
SECOND!" 2018 I 83.34 72.55 65.82 73.90
PointRCNN? 2019 L 86.96 75.64 70.70 77.77
STDM 2019 L 87.95 79.71 75.09 80.92
3DSSD 2020 L 88.36 79.57 74.55 80.83
SA-SSDF!H 2020 I 88.75 79.79 74.16 80.9
PartAZNetH*? 2020 L 87.81 78.49 73.51 79.94
PV-RCNNF? 2020 L 90.25 81.43 76.82 82.83
Point-GNNL? 2020 I 88.33 79.47 72.29 80.03
DVFENet"*" 2021 L 86.20 79.18 74.58 79.99
CIA-SSD*) 2021 L 89.59 80.28 72.87 80.91
VoTrlt* 2021 L 90.07 82.09 79.14 83.77
VoxSeTH! 2022 I 88.53 82.06 77.46 82.68
MV3DH 2017 1+L 74.97 63.63 54.00 64.20
AVODH 2018  I+L 83.07 71.76 65.73 73.52
ContFuse** 2018  I+L 83.68 68.78 61.67 71.38
F-PointNet! 2018  I+L 82.19 69.79 60.59 70.86
F-ConvNet"*™) 2019 I+L 87.36 76.39 66.69 76.81
PI-RCNNE™ 2020  I4+1L  84.37 74.82 70.03 76.41
3D-CVF 2020  I+L 89.20 80.05 73.11 80.79
SFDM 2022 I+L 91.73 84.76 77.92 84.80
SED+ + — I+L 90.93 82.46 77.27 83.55

e 8 Fron . Flw MG UM L, FAC H B R
K B FE AT PR 05 R AE 3R B L SED A+ + i 75
] b SFD 4. F R AR SCHR 1 9 MGSC 25 1) L # #)
P B AR 44 H Fl T8 T 8/ 1 A It £k R
SF L SEFD++ 7£ Rol FEAE 2= > o #2 v Jir 75 B 6] b
SED fE i3 #2 v B 75 i) 6] /0. [6] i), 75 fe 26 1) 46
3 26 v Jor 75 15 ] .48 SFD /b,

F 9 SFD+ + Al — b 31 A = 4t 5 x50
B RYIE T EEXT HE . DA AR AR v] A B i 4K (Frame Per
Second, FPS)PEAL. W13 9 Fix, M SR EF . F
AT BEA B — B R L 05 = 4 H AR vk 12
A7 B T A =4 B ARR I J5 3%, b Vox-
SeT 19 FPS fei JHE G R 4.3 5 F1K 6 15k
& . VoxSeT Joik N A 225 B3 42 48 4k & BT i i —
AeIRFNZE K. £ 9 B0 LLA . SFD+ + F1 SFD
Wiz AT B IR TR K2 5. JR A = — & FAC 7
& U R AR AL S AR BT B T2 MGSC
SRR A3 20 HEAT 22 S A ) s T A N AR
. X i1 SFD+ + 78 JLF A5 i iz 17 58 B 19 56 Atk
b BRFET SFD B =4 H ARG I RE.

R9 SFD++FEMMAR G EREITERE CAAL. I/

PV-RCNNM* VoxSeTHY  F-ConvNet™’!  SFDM)  SFD++
L L I+L I+L I+L
11. 00 29. 41 2. 30 8.42 8.33
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4.2.2 Ak

AT HEAT — FR 5 I il S 0 5 T A SCHR Y FAC
I MGSC 1A R . 22 10 5 FAC Fl MGSC 1 1H
RSz B 45 0, DL AP@RA0 PEAT AL, 8 — 17 ANl
FAC fil MGSC. Q£ 51 SFD M 4% 55 e —
TR FEAE i A FAC, BIf# ] FACNet #1785 =
FRAIESREL 25 = A7 7858 — 17 M LAl 1 im A MGSC,
B ] 3. 4. 1 75 o BT iR Rol 454E 2% > W 4 R 470 i
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Background

With the development of the automotive industry and
the improvement of computing power, autonomous driving
technology has been widely studied in recent years. Environ-
ment perception is a core issue of autonomous vehicles. It
needs to perceive the surrounding environment with high
accuracy by analyzing the data obtained by camera, LiDAR,
and other sensors. Real driving scenarios have extremely
strict requirements for safety, and any seemingly insignifi-

cant mistake can lead to traffic accidents, causing casualties

and economic losses. Based on comprehensive 3D informa-

detection by 2d-guided precision anchor proposal and multi-

layer fusion. Applied Soft Computing, 2021,108: 107405

YANG Qing-Xin, M. S. candidate. His research inter-

ests include computer vision, deep learning.

tion, the autonomous driving system can make accurate driv-
ing decisions and control operations in complex real scenes to
ensure the safety and reliability of autopilot. Therefore, this
article researches 3D object detection in autonomous driving
scenarios.

In 2022, Wu et al. proposed SFD, which converts Li-
DAR point clouds and image data into voxels and image
pseudo point clouds, then effectively integrates point cloud
voxels and image pseudo point cloud features based on

Region of Interests, achieving advanced 3D object detection
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precision. It achieved average precision at 40 recall positions
(AP@R40) of 95.59%, 87.96%, and 85. 46% for easy,
moderate, and hard car detection in KITTI autonomous driv-
ing dataset. However, this network has problems with
rough feature extraction of image pseudo point clouds and
poor feature representation ability of image pseudo point
cloud Rol grid features. To this end, this paper proposes
Fine-grained Attention Convolution (FAC) for point cloud
representation data, which combines attention mechanism
and depth-wise separable convolution for fine feature extrac-
tion to enhance the representation ability of image pseudo

point cloud features. In addition, Multi-scale Group Sparse

Convolution (MGSC) is also proposed for Rol grid feature
learning, which helps Rol to obtain multi-scale features, and
enhances the representation ability of image pseudo point
cloud Rol grid features. Based on FAC and MGSC, this
paper constructs SFD++ 3D object detection network. Ex-
periments on KITTI datasets show that SEFD+ + leads SFD
by 0.15%, 0.84%, and 0.58% in 3D car detection.
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