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Abstract: In the field of digital simulation technology applications, especially in the development of autonomous driving,
object detection is a crucial component. It involves the perception of objects in the surrounding environment, which pro-
vides essential information for the decision-making process and planning of intelligent systems. Traditional object detection
methods typically involve steps such as feature extraction, object classification, and position regression on images. How-
ever, these methods are limited by manually designed features and the performance of classifiers, which restrict their effec-
tiveness in complex scenes and for objects with significant variations. The advent of deep learning technology has led to the
widespread adoption of object detection methods based on deep neural networks. Notably, the convolutional neural network
(CNN) has emerged as one of the most prominent approaches in this field. By leveraging multiple layers of convolution and
pooling operations, CNNs are capable of automatically extracting meaningful feature representations from image data. In

addition to image data, light detection and ranging (LiDAR) data play a crucial role in object detection tasks, particularly
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for 3D object detection. LiDAR data represent objects through a set of unordered and discrete points on their surfaces.
Accurately detecting point cloud clusters representing objects and providing their pose estimation from these unordered
points is a challenging task. LiDAR data, with their unique characteristics, offer high-precision obstacle detection and dis-
tance measurement, which contributes to the perception of surrounding roadways, vehicles, and pedestrian targets. In real-
world autonomous driving and related environmental perception scenarios, using a single modality often presents numerous
challenges. For instance, while image data can provide a wide variety of high-resolution visual information such as color,
texture, and shape, it is susceptible to lighting conditions. In addition, models may struggle to handle occlusions caused
by objects obstructing the view due to inherent limitations in camera perspectives. Fortunately, LIDAR exhibits exceptional
performance in challenging lighting conditions and excels at accurately spatially locating objects in diverse and harsh
weather scenarios. However, it possesses certain limitations. Specifically, the low resolution of LiDAR input data results
in sparse point cloud when detecting distant targets. Extracting semantic information from LiDAR data is also more chal-
lenging than that from image data. Thus, an increasing number of researchers are emphasizing multimodal environmental
object detection. A robust multimodal perception algorithm can offer richer feature information, enhanced adaptability to
diverse environments, and improved detection accuracy. Such capabilities empower the perception system to deliver reli-
able results across various environmental conditions. Certainly, multimodal object detection algorithms also face certain
limitations and pressing challenges that require immediate attention. One challenge is the difficulty in data annotation.
Annotating point cloud and image data is relatively complex and time consuming, particularly for large-scale datasets.
Moreover, accurately labeling point cloud data is challenging due to their sparsity and the presence of noisy points.
Addressing these issues is crucial for further advancements in multimodal object detection. Moreover, the data structure
and feature representation of point cloud and image data, as two distinct perception modalities, differ significantly. The
current research focus lies in effectively integrating the information from the two modalities and extracting accurate and com-
prehensive features that can be utilized effectively. Furthermore, processing large-scale point cloud data are equally chal-
lenging. Point cloud data typically encompass a substantial number of 3D coordinates, which necessitates greater demands
on computing resources and algorithmic efficiency compared with pure image data. This study aims to summarize and refine
existing approaches to facilitate researchers in gaining a deeper and more efficient understanding of object detection algo-
rithms that integrate images and point clouds. It classifies object detection algorithms based on multimodal fusion of point
clouds, images, and combinations of both. Furthermore, we analyze the strengths and weaknesses of various methods
while discussing potential solutions. Moreover, we provide a comprehensive review of the development of object detection
algorithms that fuse point clouds and images, with considerations of aspects such as data collection, representation, and
model design. Ultimately, we give a perspective on the future development direction of environmental target detection, and
the goal is to enhance overall capabilities in autonomous systems.
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MonoGRNet (monocular geometric reasoning network )
(Qin % ,2022) . MonoRCNN (monocular region convo-
lutional neural networks ) (Shi ¢, 2021) . GUPNet
(geometry uncertainty projection network) (Lu 4§ ,
2021).

SR, BT Al R p) B H 3D HARKIN Ty 2%
i I B Y 2D H bR A I AE S, DA TS b B [l )
3D A IAE A 2 8, TR AL RE B A2 45 T 2D BRI AL 21
AR BT, LG p R 22 O YRR T LA EA T i 30 g
YIZ, ANTT E AT BN GRS A B SRS fd ] 2R
H 2D G 542 8105 551> 3D WA 118 TR J32 2 — I3 R X
M55 o DR EE AR Bl R iR 22 25 5 WON BELAS 3D H
BRAINAT: 55 1 SC B PR 2R 3200 A 2 A ARG N ATE 26531 1)
BREEE 0 W B L, R TR R PERESR T
2.2 ETREMITEEBIDEN

BT URBEAG T 00 B H 3D K I 45 VR B 2
>J 75 1 BRI A5 v b HE DB ok 1 R AR BT A T i
{3 B ALEZS Y FARRIN 5 vk o RS THRIX 2R I7 15
L A — B, VR 2 AR W0 A B TR Al
W2 A 512 , ABRAS-HERA Y B8 A I 25 2

FLAORIE, 1IX 07 85 20K 5. H 2D BBk AT
I 2k 4 19 8 BE Al TE A DL SRR R E KR,
MonoDepth (monocular depth) (Godard %5 , 2017)
DORN (deep ordinal regression network) (Fu 5§ ,
2018) , 43 21 A PR EE 5 0T T ik 6T IR B TR 1 07 12
I T DR O B I8 B9 J7 15 58 UG 2219 3D H AR5
FRE 7 CF I 45,2023 .

TR MR B 7 8 UG TR BE M 5% 1)
AR 22 I 28 RS, A TR B JERVRAALE , W LA v A
P € , 41 MultiFusion (multilingual, multimodal diffu-
sion) (Xu 1 Chen, 2018) . MonoFENet (monocular fea-
ture enhancement networks) (Bao 2% , 2020) . D4L.CN
(depth-guided dynamic-depthwise-dilated local convo-
lutional network) (Ding &2 2020a) il DDMP (depth—
conditioned dynamic message propagation) (Wang 4§ ,
2021c) . T TPRIHOG R I8 1Y 7 R R B P54 46
NBOLTR B R A IO R IR A B EALET
WOt FE 1A 89 3D K%, Ul Pseudo-LiDAR (Wang 55 ,
2019a) . AM3D (accurate monocular 3D) (Ma%5,2019)
F1 Deep Optics(Chang Fll Wetzstein,2019) .

2.3 ETRE5ISHEHE3IDEN

WFFE A G W AE AR R EHG h HARRIEARF1
SCOUMAESE I R, UEEST 3D H AR HEZE thE LAk
PR T RS ZE AR 2T R 56 3R, DI iff EAe i 25
(R H 3D BARKIN 4N, il 5 AT ZRb i+
PO 268 S 72 >0 A7 56 3D W AR S B R B B 2D B AR
Ko 4545 3D HARK I AYBE 1 o Horprn] 2 2] iy e 1
RS : HARE ARG 2 ek RS A4S
S aE o A FMHE TAVEAH Mono3d++ (He #11 Soatto,
2019) .ROI-10d (Manhardt %5 ,2019) .MonoPSR ( mon-
ocular proposals and shape reconstruction) (Ku 4§ ,
2019) . Shift R-CNN (Naiden %, 2019) ,RTM3d (real-
time monocular 3D) (Li %, 2020) fl Kinematic3d ( Bra-
zil % ,2020) 55
2.4 ETzMNAEBKBEV Biral

{1 % W (BEV) KR 247 3D H ARSI 8948
PAE T, T LUA R 22 B AR b g g 4 ), JF B
TREE T WA BE R SE BE AR . AR T RS H 3D
R R A T B TR 6] BEV SEAT M) 14 14
LA B S /N e A R 2, T ) AR A 1Y
3D AZIAE . HRRE A5 e R BEV 23 2 28 R P\l
AR R TAT O B AR SE YRR U AR I AR
NG

FAAL = TR AL B BEV FRAE UEA T8, LA £
WL VE C 149 07 20K 22 W0 AR RHR e 51 e AL 1 BEV
AESEAT BT 2 A8 AF BN F 6, R REAE 15
BN s Sh TR N - o S N TN B roa NS IR A S e
BRI NPIRE , — KR TEEHE IR
19 BEV ML GE 71k 3 93— 202 IR K sl i 75 X
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B XA LT G 2205 2 WA UG 5% AL BEV RRAE
AT LA R L T B84 51K 2l 1) 375 400 161 381 155 e 11 O 1k 32 3]
TR N IZ WL, W BEVFusion (Liu 55 ,2023) |
BEVFormer (1i%%,2022) .BEVFormerV2 (Yang &
2022) I M2BEV (Xie 55, 2022) 45

BEVFormer $& it — >R F 4 0L 5t 2240 £ €4 11
3D H bR AR 3 1 2D 3 AR A48 ) 4% i HOA A
PG 0 22 ROBERAE , SR e B L LIS R~ 2] 1) 07 =X 3
ok P S R 2 Sl 1 A A S PR BRI G A A N
BEV 1L , 505 5 ARFIE MR A 25 5230 3D H AR Al A1
Hu 73 FE 55 o

BEVFormerV2 4 55 IR BEVFormer A0 #% 25 #4 1
T2 7 T B A R AR g A B L it g 1) 5
AT B 3D RISk, B AL 7 A B 5
FAEAEH T B T M 4555 TR %5 2] 2D BUINE
i LRI 3D AR B ek TR A R L [R]
R ALK b R 3 A I Sk A BEV A Sk 5 5 —
A Z Wy Beiy BEV Rl 2% , AR KRR B 4 1 AR A
BEV R e P A SO JEE

B BEV BRI L YA W & i, 5L T 204
B8 BEV HARS I E 28 i H AT E 3 A sh 2 3 &
B0 RN T 58 AR SRR RGN RO B AR R
RS 55 HERA B SE IR R I

3 ETRz=gIERRN

BT A B BRI S R I AR AL
GRS AR Z — o RSB B, AFFE A 5t &
BURFIETAL G 1) U FIAIL a2 > 7 s MO T
F BT AR FRL I H A5 i $EA 753 BIF 732
AT S5 HAIR KR BRYE . BE TR 2 27 2] 1Y 2%
1E PointNet £l PointNet++55 28 ML T A e FoFf 45 = 4%
i TR EE 7 ) Z ) WESE N BLUF IR R R 2
NI S = E 7y ralll IS S E N 1B SRS SN S E 7 ralll]
ST DLy LT R B ARSI B TR R Y H AR
Rl T BEV (1% H A A I R 5 T 85 25 R B s
ioRile
3.1 ET R BREN

BT RO HRR AN 48 il o A6 s B
I 3D H AR E o 3% 25 Wil H AL AE LA L
AR

DEHE AL B, A HER B B A RS

AR, LU BR A 2 P A T3 i 2 10 o
FL B AR

2)RHIE T 8 o IR I TBer T s
AYRFIE RS, X SRR AT p Jey AR 4 Jm) R i
SR ZH ik, DA SE 440 X 3 H BR A S5

3) HARKE I A% o RIZERAAES IR IR 2 )5 465 W 2%
b Hbs g . 52D HAs s A, i BHis
HGr DN 45 640 A AR R A B OGTE T A = A2k )
JE oA SR B AR A, AN T B MR R KR
FEMURFAE o 8 = FARG I Sk 2 iy it F AR A 26
53D 1 FUHE f AL bR A AR A A AR A R, S
TEIUEH 3D HARKLI &5 T IC A

BT R0 3D H A e I 5 fi TR R R AR
S BRER Y AT N s RAR BRI 27 ST A .

D) R e w3 R RE fil A Bl 1 2
JERN AT, X 5 SR AE 5 1 A E ARSI ) M BE AT E
LRI . WAL GE s = R AT A SR
A2 )R R AE Ry BRRAE AN A RS o R TAEAE
SR DLR JEE o S AR AR 5 i 5 AT R, i i
52 1 () B PASCE A 2 19 31 R AR AR T A o
AR EE S o 1 R AR PR 28 LAY T A J2 Point-
Net++ 4 fiff R PointNet 355 4 32 A 4 [ 230 i 7 1 114
R R AR BV A i A PR FE T —
Ho i 5, A B S R RE RS S R AT REZ A AR
B LABORANRLRAE 1 Z TR B 28 57

2)RHEE 2] o HE T RUAY E ARG SR 7E XS B 1
PEATRFAESEIBORE , AT LR H B s AR B e i i 1%
FRRRAE , (5L S A 2800 D >R Al P2 A AR AR AT A5 R AR
PR FREFAL o KA R TR A B B A 48R 1 5 BE XA Y
ARPERE AT B A — P07 o 8 T <080 i A4 i
DA R 7R BLAT 5 3 A4 IR RE ), (ELIR] INF 23 384 R N A
T, B ik 22 A 41 30T Ok B BCRE — X I A
AR 2 S EANR AR B 22k o I8/ &R AT 5 i B i
W) AT £ 5 BUR AR AR IR AN TE 0y, R A G AY
XfER

FI T, 2 T 5t hh 5 o ol 19 HE AR A5, R %
JEXF_LIRSRAFBEHURIRFAE 272 > R PN 2 1 B F b
i 53 2 e AT Bt B S5 5, A PointRCNN (Shi 45
2019) . IPOD (intensive point-based object detector)
(Yang 55 , 2018c¢) . STD (sparse-to-dense 3D object
detector) (Yang &2 1 2019) .3DSSD (Yang 42 2020) .
Point-GNN (Shi flI Rajkumar, 2020) . StarNet (Ngiam
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HHE, BER, ST, WEE, KEk, KBRS
ME R w5 EGRINE BN R HER

& 2019) Fl Pointformer(Pan %% ,2021) . X 26IET 05
A8 F RGN T3 VA A/ NI RIG AR AR 3 AN Y
ROR BER B Ho A e O ASIIONS 2 , (EL2 A RS A
Sl BEEAE B ME LUK B S HL s SR I RCR
3.2 ETH@HZEMBFREN

BETAAZR (voxel ) B H ARG 2K AN RN ) 1
R B BIRAIR R R AR5 1L 3D B R
2SI A ARAS I TG A L SRR . ST R H AR
R AR L, 0 R SR 6T 3D H RS A IDRE B v
B XM S m AR R a2 T
TN DT 2 T AR ME TAEA Vote3D (Wang
F1 Posner, 2015) . Vote3Deep (Engelcke 55 ,2017) .3D-
FCN (Li, 2017) . VoxelNet (Zhou Fl1 Tuzel, 2018) .
SECOND (sparsely embedded convolutional detection )
(Yan%$,2018) \PointPiHars(Lang% ,2019) Fl1 Center-
Point(Yin%5,2021) .

VoxelNet 52 & T 1A R JE47 H AR k6 I 59 IF 1 22
1 S — i 236 9 3D HARKZIMIHESE . VoxelNet ¥
SR AR BB IR R ad SR BEPLR
FELA LA — ARG % A — AR A AR Rl T
AR 9w A5 25 (voxel feature encoding, VFE) #4755
PRRFIE BRI, 15 B IR R GURRIE , AR5 220 3D vh[a]
FRUZ 58 U — 25 R i i B (4 A2 B 327 > LT
23 [B)37R ) , B o FH B AE S 30 26 X R it A 7 43 26
il 547 & B H . AH EE VoxelNet, SECOND (sparsely
embedded convolutional detection) (Yan %%, 2018) H¢
KA QIHT ST TR 3D B M g A, 3 1
Voxel BRI IZ AT, IF B /b 7 INAE &, [
B — TP T B 5 1) £ JEE 451 2% e KRR A R0 1 i
2 UG TSR RYRCR .

SECOND %% il VoxelNet #5 S 15z $i4is %1 43
H—DAEZR AR ) A AR T
PointPillars W& ] 1 —FhAS[] T 1 3 P Aof 8L g% 114) o
AR S R SR AL — A1 Pillar
ARG . B SR IR Y 5 208 i = e A o i
FRRT AL £ B DR TR, 4 1 2D P 22 I 2 R AT R (iE 7
>R A, RO e T TR R B B AR
0 2 B PEBE L O Je AR O T AR SR AL T 2 R B
BOARIER

SR, B 2 Rm MR R B, AL
WAk, AR T i 2 P 4 HEA T R AL RRAE AR B . H i
REHOE TR H AR I 505 ot i 8 25 45 DA

LA 1) 4R R P 48 XA 3R 25 (] iSRRI RE 7 5 2) itk
S B SR BE SRR , AT U AR B8 R G = 2 S5 1
55 3) 55 H b 3E AR AT il G DL RO SO S R i
o SRR Z TN 58 B WA — R B Pa , X FhEL
Pt 27 T AT SR ME L st R 22 W A 3015 8L T s R 1)
TR ZE 0 2 R R R B AN 5 A 2 5 T A
RERIZE R R e A — Bk
3.3 EFBEVHIEIREN

X T S 1 BEV H R RS20 5 7ERHIE
PG 4 , 24 AN 7 200 i = Bl i 40 BEV
Fon o AR AKLIT , 7] 4328 BEV B REAE$2 HCH
BEV J5 FRAE S 125, 43 0%k 7 3 1 I 45 1% Ak
H 3D F/RAIBEV /K .

BEV 1 FEAFE 42 B 15 Je X IR AR o = i AT R %
b, SR J5 XA 2 0 1A 2R A% 2R 7R 5 3D FEAE S, 5
J5 5% H BEV %755 . 4 PV-RCNN (point-voxel RCNN)
(Shi%§,2020a) J& BEV B FFESE BT X rp iy 2 8T
YE. PV-RCNN £ H — B A 22 8] SR a5 1 i 7 vk
TSRS 1) i s B AR R A TR i 4 R
AT Z R RHIE SR LS R R . 15 PV-RCNN
1 FH A — 2 (R 26 B I 4 AR 11 T DR i B 2 R A
E, FRREA5 3 A FRAE 385 2 2 R AT — B BE Y
H AR, 5 J5 1 2 11 A 22 IRUBE R fE X — B B 1)
H ARG 85 SR 1A 00 Ak LA A 280 SR it ) G 0 45
ZE I EE F BEV R 7 AE £ B J5 75 38 A7 SA-SSD
(structure aware single-stage 3D object detection) (He
4£,2020) . Voxel R-CNN(Deng 45,2021 )% .

BEV J& R AIEHE B 12 ) 1 S I 1 mii 2= 5080 e
Jit B BEV #L AR, FEX 15 2 () BEV 20 BT HE 47 2D ik
PRI, 3% 20 5 bR Sk A ke . b BT
Fe H e R S = R A o BEV R 1 TR 2
MV3D (multi-view 3D) (Chen %,2017) . MV3D ¥4 5
= B B HAE A BEV AR 5, AR5 IS v S
JEE 5 B RN B RRAE , RIGGR IR BEV A% (9 RRAIE o
AN i T HAS BEV MAS A 1F 2 8, X — b BT
W MG BRI K . AN/D Y BEV JE FRIESE IO
ARG T 2R, FH BEV IS i Se T s
TN R Ty N S EL T G [ R (19 k|
(1) PointPillars 4 Jit_F 0] 935 3EF BEV JE RFE#E
HCHy H s A DUy i, HoAth 59 A D¢ T AR I8 A PIXOR
(PIXel-wiseORiented) (Yang &5 2018b) . BirdNet
(Beltran %, 2018) . RT3d (real-time 3D) (Zeng o
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2018) 1 YOLO3D(Ali %¢,2018) %
3.4 ETHEEGHERGN

#0514 (range image ) & — Ff1 48 42 X142 49 2D
TN, A 6 Fron MR RIS 3D IRERFE .
R R AL 3T TR B & B g tibas AL
AT LA S T 2D 5 BRI 26 5 AT RRAE 4 RO R PR 11y
Ui I, LR R PRUR A RGNS BT DAL S g
SR ARSI B — R

RangeDet (range view detection) (Fan % , 2021)
JE LT B EUR AT 3D BARK I i 2 i TAEZ —.
RangeDet TA 0 PRl B 2 BIRPERE M I R £ 2 F
34 BB EUG b RGP AR AE R FE B EEh iY 2D AR
ZR3DAR R B R S I R A - B (E R
XELIAE SR o XTI, RangeDet SR FH I 55 K% 4 5
B DA e RS 1) 8, {3 7] Meeta 45 BB 2D B 5 15145
P PRI 3D U B, AR5 S AT INAL AR e A il
SOk FE 03 B e A i AU ME RE | I & BT TE Waymo
(Sun%§,2020) $iH 5 EIUAS TR RYPERESE T .

HO A BT B R R 2R AT 3D H B A 5 k38
A LaserNet (Meyer &5 2019) . LaserFlow (Meyer A
2021) . RangeRCNN (Liang %5 , 2020) | RangeloUDet
(Liang% ,2021) \RCD(range conditioned dilated con-
volution) (Bewley % , 2020 ) Fil RSN (range sparse net)
(Sun,2021)%

IR HETHE B R IEAT 3D H ARG LA HE
AR R R , SRR 5 sUAEAEAR 25 5) 52 2 50
RSN, 23D 15 B AR , s v L
b PR A Z TR RS o PR, DB R R ] v i B
fit, I BEV LI A7 H AR KA 1 ) il 2 T
S R EAT 3D H bR A e FH R AR 7 58

6 MBS EIER (Wang 45 ,2023)
Fig. 6 Range image(Wang et al. ,2023)

4 BE==FMEGH BRI

FAAL AT DLER At o B R i B R, A B T
TSR ICF B B CRFIE . BOEH IS NIE R 3D 2 (7,

PR ARG 0ff 1 BE 2 RN 2 ()5 2, 58 R b A 2 3
AL E5R . R T 4T 3D H ARSI R i PE BE
VFL 058 TAEE 2B A ALAIOE T 18 10 (5 Bab A Tl
Bro I Al A PR L R A5 S, 28 B ARk
B AT LZRA R A B4 A DL 32 m B An
RGN P R B P R 1 (RIRE 25 ,2024) ¢
4.1 BBEREMESZE
4.1.1 ATRELA

A Rl SOPRABCEC R S il L 75 22 0 = AR
BHERAEA A5 SR RS2 IR | 1 5 76 ARk
R AT — 2 BB R AR A RS B,
HAERWME TR . G BA S s DR MRS
I UGG TR 0 5 2 BRSSO S 1
BILTF LiDAR 19 3D HARKINES , oT DAL EA R AR A5 5
IEAE IR =Y S

T Rl A5 Dy 30 2 R R A B E SR
G R EZ 2410 2D BARK I il S HI 4, 4
ERIE = T N

N
)2 I iy
N é_’ > >
D At

K7 RS (Wang 45, 2023)
Fig. 7 Early fusion(Wang et al. ,2023)

4.1.2 WERE

TRBE il A8 6 HE T LIDAR (9 3D HARK I 2%
{14 Hh T B B il PR RO B SR R AE (9] i )
2% [y BE T BEAE AE BB B Rol 404K B BE) , Hi R 2%
ZER N E 8 IR o

FH LU AT HI RS BREE RS T kT LA RS SR
ANEAT R 2 B R, A T R Y 3D A AE
TR)IZFHE, HBEAR T ARG B ds it A, SR
B ECE A LiDAR £ R EAS B b J2 A iy, TR
A I R R AR G — MY R IE 23 [R] R O BA g RS 4
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HHE, BER, ST, WEE, KEk, KBRS
ME R w5 EGRINE BN R HER

BEASFIE
— - —
)= a2 i
o> — —
LASRFIE
— —p» —
@ bt

K18 BRERIG (Wang5F,2023)
Fig. 8 Deep fusion(Wang et al. ,2023)

oA 2 (1 S R LiIDAR B8 X 17 119 25 ] JLAa]
F L DR E AR H AT 55 A PEfE
4.1.3 JEES

Je AR A BRI LA AR R ok [ R TR %
o IS PSR i A T2 LIS A H b
K 3 FLR 28 25 R an i 9 piras o 5 R RS A
TR EE Rl A L S5 99 7 B 8 2y b ) FH A 19X 446 of
BRSNS A58 B R RB. SR0
PR A 1R e SR AN BB FH A 2 AR P T R
JE Rl A RRAE , ELAS [RASE A A0 43 S TR 25 SR AR 22 5 K
B, X LLZ5 HORE I 25

Je SR A 118 0 6 T L2 AR 22 ) A A S
A e P A AT 55 LR 5 BB S 1 Rl SR v
PLR K 2 Z BI85 H AR I B P e, T BR AR TR
RS 22 i) 4 MR 7 RN — B0k o 2R 40 T - i
CIETS

FRASHIE )2

> > >
B

%—>

FRAHE

—> > >
D mh e

K9 JEiiahs (Wang % ,2023)
Fig. 9 Late fusion(Wang et al. ,2023)

4.2 RBEIREKE S HE

B2 AN W] Y Fil 5 07 28 B B 40 4, OR B 22
SN RE S B Al IR & B Btk AT 402 (BT 45
2023) , {4 W MMF (multi-task multi-sensor fusion)
(Liang %, 2019) AMUA R EE RS, A 5 TS il
A, lﬁlﬁ,PointPainting (VoraZ,2020) A& TAFfa]
— i LR B B Rl G SRS, TR R AR AT RS T
JEHIE A R 5 AR Rl 5 B BE, AU 2 IR I ] 1A
K73 IEA BB X 0 AN TR 225028 HARAG I 0k

TS Rl R 2 il B BT LGS PR Ry e i 2
B o BRI G A SRR E Z M AR BAEH
KA FRFAE R BRI 2R | 456 AN R BLZS A RS AR
S RIEMZZ RS o FRERG ] DLg IR
TIE KL EE (] 43y BT RO BE YRR Rl 5
TAARZRKLE R AERL & FIEE T S AR ERL G

HLTF RODKLE B FRFIE AL L5 MV3D (Chen 45,
2017) . PointFusion (Xu %% , 2018) . AVOD (aggregate
view object detection) (Ku %% , 2018) . F-Pointnet (Ql
4 ,2018) , F-Convnet (Wang Fll Jia, 2019b) , SCANet
(spatial—channel attention network ) (Lu % , 2019) .
RoarNet (region approximation refinement) (Shin 4§ ,
2019) #1 SIFRNet (scale invariant and feature reweight-
ing networks ) (Zhao %5 ,2019) .

B TR FRE MR IE R 5 4245 ContFuse (Liang
42 2018) . MVX-Net (multimodal VoXelNet) (Sindagi
&5 2019) . MMF (multi-task multi-sensor fusion ) (Liang
&5 2019) H1 3D-CVF (3D cross-view spatial feature
fusion ) (Yoo %,2020)

BT AT ARHIE RS L5 TPOD (Yang 5, 2018¢) |
PointPainting (Vora 4§ , 2020) . HorizonLiDAR3D (Ding
4,2020b) \MVAF (multi-view adaptive fusion) (Wang
&2 2020) . VPF-Net( voxel-pixel fusion network ) (Wang
45 2021a) . PI-RCNN (pointcloud-image RCNN) (Xie
45 2020) . FuseSeg (fuse segmentation) (Krispel a5
2020) . CenterPointV2(Yin 2 ,2021) . EPNet (enhanc-
ing point features network ) (Huang % , 2020) #1 Poin-
tAugmenting (Wang 5% ,2021b) .

RN TR AR RS ARG I AR 42 R
) HE P A 10 B s o 730 A0 Re AIE 5 50 02 9 AR
L i 5 R R, B 2B H AR B R 1 8
Y A, ORI 22 B RIE ST B G ] AR 22 b
2 RTERE 2SR FIE Y

1775



1776

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 29,No. 6,Jun. 2024

ROUKIEE T PRZRIEE | RRLRE

MVX-Ne

1

MV3D PointFusion F-Pointnet F-Convnet SCANet

PointPainting EPNet 3D-CVF HorizonLiDAR3D VPF-Net

@ & >

® @ @
2017 2018 1 2019

AVOD ContFuse IPOD RoarNet

1 2020 2021

SIFRNet MMF

PI-RCNN FuseSeg MVAF  CenterPointV2 PointAugmenting

10 AS[RPRE EE R AE RS 10 B ARKEI 3 (Wang 4, 2023)

Fig. 10 Object detection algorithm fused with features of different granularity (Wang et al. ,2023)

4.3 EIW3D BirilEEE WS EE

KITTHE 4L X F 3D HARKzil AT 55 44 R 25 41 53
RHLBIAE AT AR ATT A H sl it LA T 2 e
B S A ) R A DA R IR A R /N s 3D H
o 2 (37 45 R B IE A 0 3 Ao A B 0 ORI e
Benf e H AR RS0 S 5 00 IE W, e Al P-4 1E 7
FRATAL IS B AR AR R 25 5L

VA B AR, KITTIE SR 3D 11 AHE 6 & N
70% , X TAT N RS AATE RN, H &40 50% Al
AER o R  KITTL 2504 5 AR 8 i LA feg B LB+
IR T 72 B 48 bk b 7 H AR R 50 R 1 5 (easy) L HP
ZE (moderate ) FlI R ME (hard) 3 N MEREZ 5 . HETTE
KITTT %40 45 1 400 e 69358 23 3D B A 46 I & 32 4
e 1—R 3R, R T BRI N 9 - 25 1E 5 % A
FHI

F1 KITTIHHESE E@5ER 3D BARRNE* (EHBR)
Table1 Leading 3D object detection algorithms on
KITTI dataset( car target)

LY A% TRTBA/%  RIME/% IR/

VirConv(Wu%§,2023b) 87.20 92.48  82.45 0.09
UDeerPEP(Dong% S

72 1. 2.5 .1
2023) 86.7 91.65 82.59 0.10
TED(Wu%#,2023a) 85.28 91.61 80.68 0.10
LoGoNet(Li%:,2023a) 85.06 91.80 80.74 0.10
SFD(Wu%§,2022b) 84.76  91.73 7792 0.10

T L 7 RS 7R 25 81 B E i R e LA 2R

nuScenes FE 4L B9 PEH F5 b AH X KITTL 2090 42
B LA YA A (mean average perci-
sion, mAP) F ) FF£ 1% 2 (mean average translation
error, mATE) | *F Y5 £ & 1% 22 (mean average orienta-
tion error, mAOE) ~F-34J& P 1% 2% (mean average attri-
bute error, mAAE) Fl £ T £5 £ “F- %1 il A (nuScenes

F2 KITTIH#EE F95ER 3D BN E % (3517 BiR)
Table 2 Leading 3D object detection algorithms on
KITTI dataset(cyclist target)

x| &% /% RME Y% TR/
TED(Wu%%,2023a) 7412 88.82 66.84 0.1
CasA++(Wu%§,2022a)  73.79 8776 66.84 0.1

CasA(WuZ%¥,2022a) 73.47 8791  66.17 0.1

LoGoNet(Li%%,2023a) 71770 8447  64.67 0.1

BSAODet(Xia0o%,2023) 70.48  83.17  62.46 0.4

T L PR SR 7R 25 81 B IE A R B L4 5

%3 KITTIHESE M%) 3D BirGME % (1T ABHR)
Table 3 Leading 3D object detection algorithms on
KITTI dataset( pedestrian target)

el A% TRTE%  RIE% BTl
CasA++(Wu%5,2022a) 4929 5633 4670 0.1
TED(Wu%5,2023a) 4921 5585 4652 0.1
VPFNet(Zhu%,2023) 4836  54.65 4498 0.2
LoGoNet(Li%:,2023a) 4743 5307 4522 0.1
CasA(Wu%,2022a)  47.09 54.04 4456 0.1

E L RIS 48 91 22 1A S B L 45

detection score , NDS )%,

H 01 7£ nuScenes 088 45 I 4015 93543 3D H br
R B AN R 4 R o 36 4 o T AT I A9 i A
BIZS .mAP .mATE FINDS.

Waymo £ 4f5 4 UL £ T 5 UL (4 °F- 24 0KG B2 95 A
(average precision, AP) ,{H Waymo £ 4 52 115 AP B}
B HA18 M P-R (precession-recall ) f £k T A8 1A, 111
AE KITTIRE A A (5 77 1% o LAk, Waymo i 51 A T
S #47K5 B2 i 19] (mean average precision weighted by
heading, mAPH YR bR, FH AT W 45 B AH G 1R
25 RTAEI 3D HFRAYMERS , Waymo i& L T Level 1
Fl Level 2 AR Z0] . Level 2 Hr 43 BC Y H bk
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Table 4 Leading 3D object detection algorithms on nuScenes dataset

A iy AR mAP/% mATE/m NDS/%
EA-LSS(Hu%,2023) EUR HOG I 76.6 0.234 77.6
BEVFusion++ g HOGE R 75.7 0.236 77.6
BEVFusion4D(Cai 5% ,2023) & HOGTR IR 76.8 0.229 77.2
MMFusion( Ahmad Fll Del Bue,2023) EUR OB IR R TR I 75.0 0.220 77.1
MegFusion(Yan % ,2023) EUE oG E IR 75.3 0.233 77.0

5 Waymo#i#EE FM%EH 3D BirtGME %
Table 5 Leading 3D object detection algorithms on Waymo dataset

el iy AR mAP/% mAPH/%
DetZero(Ma % ,2023) BOGH A 86.34 85.15
CTRL_FSD_TTA i GBI 84.10 82.52
LoGoNet_Ens v2(Li %,2023a) EUR HOG R A 83.36 81.96
HRI_ADLAB_HZ BOLTH A 82.57 81.31
WAVE3 LiPER Det v1 WOLTRIA 82.55 81.21

5 BERREKRE

AR SCHRAE IR F A A 3 T (A 5ORLE 2 O A
REA R TR 2 2] 1R H AR A I 1T 1 )
B B T 3D FRR G IN A IR R A
A% X, LU AN [a] A 008 g AT 3RS Y P B
BAs AR B 200 3D FH ARSI 2 247 X1 73

SIS HARRLINAE [ 228 B RO HEOR
AT BRI 1, AH E TS SR A AR A — 2 )
FIHE AR -

D EAEAR IR AE . 55 2D FEHREAE SR AR L, FRIR
FIBRTE 3D K408 2 SO R X , 75 22 RO B i s iR
JE AR S SRR IR B A5 SRR FIBL A, 5 BRIl
PREEN AT B 2% IR B s, ani i il = 2 5
HE 2B S LE A e — T S FEm 4TS5 . HL
Xt T 2 AAS HARR Ik 1m0, l (A A i) ol
53R fhw S TR X5 A T [ R IR A 28 g A E A

ZACTESE T, Ui 1 22 B 2 K0 4R b R4 T A7 25 i KL
P A — A ERR I )

2 IR R FRRIDIR S i % . BRI R G
J& F S S B R GT,  E AR B RS T Y A [7]
Ao A MRS A TR 1 B A A A AR SR BB A
Tt PEANREIFE Al LR ) 22 AR R A4 S e i {5
STUARE i o PR AL A P 4 R il J
MAGMREN . LHM T 2HEERAMARLEMN T,
AR — AL IS A LR B R B R G J0HR IR T
PR, 5 B 2R GERE RS (T B — B S Rs A7 20
85 FURRASI , DRUEAE P8 01 SRS e ) 155 2 R E
1847,

3 RASME TRV T R
PF N AL A5 F BRI I i 1 ) — > 2Bk
o Xt { A BN RGN L E 2T 2 E A
PFF, e T RE R R Gk 22T LIDAR 9 &
G AR INAE . XT3 T BRI R G
TEZ T ZZMAMET BB H AR An] few T
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16 55 S S R A R RTASOR Ak , DA T 52 250 H AR
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