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Abstract: The 3D object detection of camera and lidar multimodal fusion can comprehensively utilize the advantages
of the two sensors to improve the accuracy and robustness of detection. However, due to the complexity of the environment
and the inherent variability among multimodal data, 3D object detection still faces many challenges. In this paper, we pro-
pose a multimodal 3D object detection algorithm with a double-fusion framework. We design a voxel-level and grid-level
double-fusion framework, effectively alleviating the semantic differences between modal data. We propose the ABFF
(Adaptive Bird-eye-view Features Fusion) module to enhance the algorithm’ s ability to perceive small object features.
Through voxel-level global fusion information to guide grid-level local fusion, we propose a Transformer-based multimodal
grid feature encoder to extract richer context information in 3D detection scenes and improve the efficiency of the algo-
rithm. The experimental results on the KITTI standard dataset show that the average detection accuracy of our proposed 3D
object detection algorithm reaches 78.79%, which has better 3D object detection performance.
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KBS UE ABFF AEH X /N B AR DU 0 4 %0bE K 2
B ABFF AR B e o 3 o 9 2% o 8 1] 1% FPN2
BRI Li 25 A O45 H f9 ADFA BEH , HE4T SCI0 X 1, 45
RN 3 Fron . B, 1 H R 45 i) FPN AR H X
BEV #LIE #1712 RERHERLE , H i T BEV ML E R[]
FAEGE 2D EIMG, 15w BN B L 17 505 5 75 5050
AR BRI T /N H AR IR R . R T R L )
1, ADFA SR FH 8l 2546 R D 8z 1 [m) 180, 3 ok sl 254
3 TR A7 M IR O AT B P RAE S, R T ToU W EH 1

T3 ik — 2L B iR i A

R®3 ABFF /BRI ERERIRT A 2%
_— Pedestrian(AP0.5) Cyclist(AP0.5)
i
Easy Mod Hard Easy Mod Hard
FPN2! 73.40 | 66.41 | 60.33 | 90.20 | 71.50 | 67.09
ADFAPY | 7547 | 67.12 | 60.11 | 91.21 | 72.73 | 67.33
ABFF 7837 | 68.65 | 61.71 | 9270 | 73.07 | 68.47

FRAIE , 76 FPN A B Gl b 52w 1 %0/ E b A I 4
AE , (ELX b i 20 1 AN TR R BEV R ] 22 [8] [# 45
89 ROBE 22 S [l R, 7 di J 22 RO A Rl 2 1) T E 2 di

Hez= 18

JEAN [R] RS R P81 22 (6 AR A7 B v 5 4 [ AT, BT

R ZE . AR SCHE ) ABFF A5 i 15 22 JUs) BEV HR1IE
V&I E Rl 22 T 38 5 ERH 2% 0 A8 9 RRAE A S K 22 il
JRUST 22 5 [, 3380 o AN [6] RS R AIE JB1 7 A i HE A R
F 3 I 38 5 A 5 AR, LAGS B4R /N B AR A I P AR
Y. AT LR ARG A J5 i, 32 11 19 ABFF B4
Xt /Iy H B (Pedestrian F1 Cyclist ) B AS: 0 v 7 B2 A5 25 b
HLH
3.3.3 ZEESWIBFERERNEE

SRy I B S 118 22 A5 2 I A% SRR G B 45 1 AT RCPE
et R 42 B 422 1% Rl R W RS P 17 SR 3 S T ML
Tl G SR WS A 4 22 5T I AR R I 2 A 4 2R AT S 5 X
Lo, S5 R 4 TR OB S P 288 E B AT
BAPEE R B BEAS 3D Rol 45 1F , f 9K 3D IR [ 4% 42
BT R SR Y EHRE SCRAIE  H RS 7 SORDRS R
Foor Rl Z RS MRS U B . Bl S 51 TR R
BT RA SRR, A A EL DG E Y 3D R A% 5 3D
Rol 4% 73 51l A= B[R]V 2 AR &1, 5 3D R A%
H13D Rol WA 43 51 47 11 2 3 A WA T Rl 5, AH
BT ARG AR D PEBRAS 2 T /0N iR 2 £ T
TE—E FE B B I o 1 AN A BCS R AR A5 B (X Ay
KA R HFIEBD G S e R BT XFEL, R
AL E T AR R s A . DR AR SO S 3 T Trans-
former 1Y 13 X JI WL 4T Z B8 B RG , FIH 24
A MRS FRAE G B & ST IR R TR RS Z A B
SCHRRAE , X1 5 2 B8 05 B AT 3G 59, 4 = % e i
sy B bR FRAE 00 AT RE T, o {45 46 00 1 fe
T, O A 2 ) A RS T A B XA I R 4 o, Herp
e = A A I 248 551) Az 0 XEE BE SR Moderate Fl1 Hard (1 4
AR ) 25 SR B 8 R BH B, I 2 X Pedestrian 28
Il Cyclist A28 53] iy Ao 0 P B 42 S SR 5 4

T4 SHESMIBFERBENERE AT %
B Car(AP0.7) Pedestrain(AP0.5) Cyclist(AP0.5)
A R ek
Easy Mod Hard mAP Easy Mod Hard mAP Easy Mod Hard mAP
HiPHE 9436 | 85.67 | 82.65 | 87.56 | 71.84 | 6598 | 61.20 | 6634 | 91.83 | 71.25 | 66.53 | 76.54
ST RRERE N 9475 | 85.85 | 83.05 | 87.88 | 7294 | 66.69 | 61.59 | 67.07 | 91.95 | 71.86 | 67.23 | 77.01
LRI MM EgiSes | 95.67 | 86.70 | 83.49 | 88.73 | 7837 | 68.65 | 61.71 | 69.58 | 9270 | 73.07 | 68.51 | 78.08
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3.4 SKIGEERXTLE
3.4.1 EEWRNER

P 1 P B 5 AR R A e 1 T VA I e LA
RN 5 s (R B —2 L7 AGER R BOG
TIAME IR ARSI L+ CRR M A ROLH A
1 AR FARBILAY Z2 AR 5 e 7 i JHL B2 A KITTI
BTSSR TR b EERA R T
it . Hidr, Car 2851 v Easy M A0 AG I v 1 5 8 1 1
A e L L X Pedestrian 2851 Hp =A™ FRYE B G I 45 S
Ry R i, e TR Se R X R WIA T R Y
ABFF U Z RS AR RRIE i 2 B2 i 1 Bk X i 5%
N BARBYIERAIRE ST . B AR = AN 200 172
K K B (mean Average Precision , mAP) 7€ T A Jr ik
HE44 ey X R, S L LR G R i =T DA

T RIS IS EAR L3, (45 2885 s al &
RFEar P TR M RE . (H X T Car 28050
Moderate 1 Hard X & A A 18 65 00 o 6 RIS T 20 A Se it
B3, 0 VirCony' ™ SR BE b 42 0K Az U AS HE Bk
PSRRI T 3D BT WY, AR T LS
S B Mg 7 ) BE, 4R v T X Car S0 ARG I PR B, e H 2
%I Moderate ¥ J& 1 Difficult ¥t B (14 $2 7 fc Sy B &, (H 1%
AEN BRI TG . T Cyelist 249, LoGoNet
AV PR 5 S AR, £ A Rol ZH it 4 Jm) 2R
SRLE R R 2 BN AE B RS R R fE L E
LoGoNet Xt Car 2% 731 F1 Pedestrian 2 J31) #6100 4 2& B0 R A
T XF T Pedestrian 251, A VE7E = AN [F] RDMEFE B2 I
ARG 0 45 SR A e R, AE ARSI PR e L, B A B
SERALHY .

£S5 KITTIHIEE 3D BiFHE ML Rttt

ok r . Car(AP0.7)/% Pedestrian(AP0.5)/% Cyclist(AP0.5)/% AP T%IEFH‘
Fasy | Mod | Hard | Easy | Mod | Hard | Fasy | Mod | Hard [ /ms
SECOND'"! 2018 L 88.61 | 78.62 | 77.22 | 56.55 | 52.98 | 47.73 | 80.58 | 67.15 | 63.10 | 68.06 50
PV-RCNN® 2020 L 92.10 | 84.36 | 82.86 | 64.26 | 56.67 | 51.91 | 88.88 | 71.95 | 66.78 | 73.31 80
Voxel-RCNN®! 2021 L 92.38 | 8529 | 82.86 — — — — — — — 40
SE-SSD™ 2021 L 90.21 | 86.25 | 79.22 — — — — — — — 30
pDV®! 2022 L 9256 | 8529 | 83.05 | 66.90 | 60.80 | 55.85 | 9272 | 74.23 | 69.60 | 75.67 81
CasA' 2022 L 9321 | 8637 | 83.93 | 73.95 | 66.62 | 59.97 | 9278 | 73.94 | 69.37 | 77.79 86
CLOCs™ 2020 | L+C | 89.49 | 7931 | 77.36 | 62.88 | 56.20 | 50.10 | 87.57 | 67.92 | 63.67 | 70.50 | 100%
EPNet 2020 L+C | 92.28 | 82.59 | 80.14 — — — — — — — 100%
3D-CVF?! 2020 L+C | 89.20 | 80.05 | 73.11 — — — — — — — 75
SFpHe! 2022 | L+C | 9552 | 8827 | 8557 | 72.94 | 66.69 | 61.59 | 93.39 | 7295 | 67.26 | 78.24 98
DVF® 2022 | L+C | 9245 | 8525 | 8297 | 70.13 | 6276 | 57.65 | 90.93 | 72.60 | 68.24 | 75.89 | 100%
VEFF® 2022 | L+C | 9231 | 8551 | 8292 | 73.26 | 65.11 | 60.30 | 89.40 | 73.12 | 69.86 | 76.87 —
CAT-Det!" 2022 | L+C | 90.12 | 81.46 | 79.15 | 74.08 | 66.35 | 58.92 | 87.64 | 72.82 | 6820 | 76.53 | 300%
FocalsConv'™ 2022 L+C | 9226 | 8532 | 8295 — — — — — — — 100%
EPNet++!'?! 2022 | L+C | 92.51 | 83.17 | 8227 | 73.77 | 6542 | 59.13 | 86.23 | 63.82 | 60.02 | 74.04 | 100%
LoGoNet™! 2023 | L+C | 92.04 | 85.04 | 8431 | 7020 | 63.72 | 59.46 | 91.74 | 7535 | 72.42 | 77.14 | 100%
VirConv'®! 2023 | L+C | 9498 | 89.96 | 8831 | 73.32 | 66.93 | 60.38 | 90.04 | 73.90 | 69.06 | 78.54 56
P B 2023 I+C | 95.67 | 86.70 | 83.81 | 78.37 | 68.65 | 61.71 | 91.95 | 73.07 | 68.47 | 78.79 | 559

AR B ol A B B R AT T 0 G ) L T
PLiE#)55.9 ms. 540 34 T A HoA = AR R S R
B A AL, 5 SR LN ER 6 TR, AR SC TR
DAL T AT 4 K 2 B 2 B RLE 1 3D Bk
oRIIK=R7
3.4.2 TEHRKRNER

Sk B G Ml JR s AR SC T B BT R A 0 P B A Ok
B TF, 5 4 W 48 Bk R AT X B, ek 4R =
AE 5T R 45 SR VAT T AT Ak, & 4

7N, 88— 17 R B AH (ground-truth ) , 35 47 R R £k
%4 (baseline) Kzl 285 5, 55 =17 I ARF LRI 25 2 . 40
S iR, BRI 28 B o A B P 1/ B AR
A ST RS ok 2 S BUIR EAT S A A . R TR
PRIMEAE AR () G 00 B )y 238 . 55 47 v R 28 0 286 DR 8 Ak o5
ZBRR R L, TV e 0 3] 2 A A AR B A B G
P A 7Y RGBARE , $2 5 1 X b H A Y 20 BE

R — 0 BRI L XTI B ARREA RGN 2 A A , A
SR T 2 S AR RRAE S A 1 0 T R R R 22
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Ground-truth + g Ground-truth Ground-truth i
ik GPU R HeHERT Al/ms | GPU SRS s g P8 R
EPNet++!" Tesla V100 100 4 i i
t i
CAT-Det™™ GTX 1080Ti 300 8 Cf Dwene Boslioe
_ = ',[.It’_‘:
SFDI' RTX 2080Ti 98 1 !
i i
VirConv™ Tesla V100 57 8 B W =
GTX 1080Ti 85.2 i
RTX 2080Ti 76.5 ‘
8 B 1 a
Tesla V100 57.6
RTX 3090Ti 559 P4 AT SR I LR L A L
MRS TR MR RASIATE S5, B S R T =AM AR
ASCHR I R FAE R A a2 B A BEV LM RN ES A AT AL

‘ p
;&
+ 0 "
dg j
g g
=)

4 #iE

AR SCHE T 5L T R4 HE SR 1) Z 8835 3D H bRk
ML . e, BT AU A HELR , 43 BIAE AR R SR I A&
GAATAS R AR 1 2B A5 Bl A B T 2B
{5 525 S In) 8 vk, 32 1 ABFF ASE8 , % BEV #L K 45AE

BEAT [ 38 B RSG5 BEV FLI&] H 50 R 5 5 RRAE o
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