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Abstract: Autonomous driving-oriented accurate perception and measurement of the three-dimensional (3D) spatial posi-
tion and scale can be as the basis for realizing the control ability and decision-making level. Sensing technology-driven
autonomous vehicles are equipped with high-resolution camera, light detection and ranging(LiDAR), radar, global position-
ing system (GPS)/inertial measurement unit(IMU) and other related sensors. Current LIDAR or multi-modal data-based 3D
object detection algorithms are challenged for its deployment and application because of the shortcomings of LIDAR sensors
like high price, limited sensing range, and sparse point clouds data. In contrast, such high-resolution cameras are
commonly-used and featured by its lower price, and it can obtain high-resolution spatial information, richer shape, and
appearance details as well. The emerging image-based 3D object detection is focused on further. At present, constraints of
detection accuracy of the existing methods are still to be analyzed thoroughly and systematically. We summary the research
results and industrial applications in relevance to such 1) perspectives of commonly used datasets and evaluation criteria,
2) data impact, 3) methodological constraints and prediction errors. First, a brief introduction is linked to perspective of
academic domain and application of autonomous driving industry. We briefly review latest growths of Baidu Apollo, Google
Waymo, Tesla and other related autonomous driving companies, and the thread of 3D object detection methods for autono-
mous driving. Then, we analyzed and summarized four popular datasets like KITTI, nuScenes, Waymo open dataset, and
DAIR-V2X dataset from three aspects of: 1) data acquisition/sensors, data accuracy and data label information; 2) key
evaluation standards proposed by these data sets, and 3) pros/cons and applicability of these evaluation standards. Third,
main constraints of the image-based 3D object detection algorithm and the errors are derived from two sides of: data and
methodology. Such main data constraints are originated from their data accuracy, sample difference, data volume, and
data annotation. The data accuracy is mainly limited by equipment performance. The sample difference is mainly restricted
by such image processing problems in related to object distance difference, angle difference, occlusion, and truncation.
Data volume is affected by variety of 3D data types and high difficulty of labeling. The volume of 3D object detection data
set is much smaller in comparison with the 2D object detection data set. Data annotation is mainly focused on 3D bounding
box labeling, the labeling details, and quality of the dataset, especially for image annotation used in image-based 3D
object detection. For non-rigid objects like pedestrians, the annotation error is larger, and there are some optimal for
improving the labeling method. The general framework of image-based 3D object detection can be classified as one-stage
methods and two-stage methods, and the limitations consists of 1) the prior geometric relationship, 2) depth prediction
accuracy, and 3) data modality. The prior geometric relationship is focused on 2D-3D geometric constraints for 2D images-
projected 3D objects and objects-between position relationships. The image-based 3D object detection methods face such
problems as: prior 2D-3D geometric constraints and occluded and truncated objects. The prediction of depth information
from 2D images is an ill conditioned problem, and dimension collapse will cause depth prediction error-relevant loss of
depth information in the image. On the one hand, the depth prediction is often not accurate due to the influence of projec-
tion relationship. On the other hand, the performance of continuous depth prediction is often poor at the depth mutation of
the image (such as edge of objects). When the prediction depth is discretized, there is a problem that the classification of
depth is relatively rough, and the accuracy classification cannot be arbitrarily divided. The limitation of single image-based
data modality is mainly reflected via large error of depth prediction. The detection performance of the algorithm can be opti-
mized by 1) simulating the stereo signal and LiDAR point clouds, or 2) using stereo image as the aided input, or 3) lever-
aging point clouds data with accurate 3D information as supervision signal. In addition, video data can be adopted to
improve the detection accuracy to a certain extent. Forth, current research situation is summarized and compared from aca-
demic and industrial domain. Finally, some future research directions are predicted in terms of such factors of datasets,
evaluation indicators, and depth prediction.

Key words: 3D object detection; benchmark; constraint; error analysis; autonomous driving; image processing; com-
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Fig. 1 A hierarchical taxonomy for 3D object detection in autonomous driving (Mao et al. , 2022)
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Table 2 Data accuracy of KITTI 3D dataset
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Table 3 Sensors used to setup KITTI dataset
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Table 4 Annotation information in KITTI 3D dataset
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Fig. 2 Definitions of coordinate system, alpha and rotation_y of KITTI dataset

((a) equipment coordinate system of KITTI dataset (Geiger et al. , 2022); (b) definitions of alpha and rotation_y )
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Table 5 Data accuracy of nuScenes dataset
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Table 6 Sensors used to setup nuScenes dataset

FALKAL 6 BaEIE RCB; SRR 12 Hz; /5848 1/1.8” CMOS; 4338 1 600 x 900142 ; A SiMEYG, IPEG R 45
A BEFEAAM , 32 LR SRAFRAT S 20 Hz; 7K #1360 A7 /-30° ~ 10°; MIBEE F < 70 ms DU HRS i
HOLTRIA 1 P

2 cm; RFER 1.4 Mpts/s
ik 5 MEEE R <250 m, 77 GHz, FMCW , SRAEA R 13 Hz; I HS 0.1 km/h

GPS/IMU B AT 1

GPS,IMU, AHRS ; MWt Ak BE 0.2° s B/ A A BE 0.1°;20 mm RTK E 47 ; B 45122 1 000 Hz
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%7 nuScenes HEEIDIRFER
Table 7 3D annotation information in nuScenes dataset
TB TBRKE B GRS

Visibility 1 - FARA] WAL, 73 0 ~ 40%,40% ~ 60% ,60% ~ 80%,80% ~ 100%, JH 1 ~ 4 F/R
Category_name - - SRz B S

Attribute - - Hbr st

Translation 3 m ERMERR T, BEFREY 3D AHEF L 2 (x,y,2)

Size 3 m  HERE 3D FHE R 8 K

Rotation 4 - 3D i FHE R HERE R , T PUDTZ #oR

Num_lidar_pts 1 A EEaN:bb o Ry =bay i ¢=|

Num_radar_pts 1 A HirrERis S =4 H

T =" FOR B G — U Bl T

1.2.3  Waymo Open Dataset 5 4

Waymo Open Dataset (Sun %5, 2020) & 4i T 2019
A, A 5 OGRS AN B o R AT FLAH AL
(R RCHE R B 2 R A 31, O T A BT FLAR L
K BEAT T [R5 FbR 52 AL B, SR SRR RS 7 2 8
B RERS SRR . BIRERRE
b 5 ok 92 [ RUEL IR (Phoenix) | 11 5% 3% (Mountain
View) FlIH 4> 111 (San Francisco) 3 T, SR 4E I} [A]
BAAUTE IR MR B ) & A0 15 4E (Sun
4,2020) 855 1 15037 5¢, B 5 AR AR IR E] Ry
20 s, %4> AN ZREE 5 798 4, BAE4E 3 5 2024,
MRS 5 1501, 52— BHA EH . BdnEas
251 200 J3 N 06 T 18 B08E 19 3D 31 BHHE (X
11 3TN B0 TR A R R ID) L 2 24 1 200 J5 4~ %

I FHE R 25. 4 7R ERER ID) o AnidE 2
@a%/mi TN SR E T H . XL
B A H AR ME— BRI TD R 74 F

3D A RAE (e ye,yenlyw, b, O R, e e e R
323D 34 B ) D AR AR L, R AR FR B RRAY ST K
Vi e, 03 HERBIMUI Ao BR T HOGT kbR TE
A UG b a3 B ANARZE AT NS AT 3 34 T H bR
1 2D 3 FHE (x, v, L, w) B, 23 A2 2D i AE 1Y
H AR BR DA K 58, X 5 3D 3 FORETE KA 2D %
AR B0 AR B AR R OGRS s B,
i A5 %4> 8 LEVEL_1 Fl LEVEL_2 P44
5o LEVEL_1 201 4 H AR I 5 = BOR T 54,
LEVEL_2 20 1) B ARXT R B 8 250N T4 T 54

&8 Waymo Open Dataset H{iEEHIBFEE
Table 8 Data accuracy of Waymo Open Dataset

TR fﬁ SR
HIHL(front, front-left, front-right)  E{R 1920 x 1 28018 %
AHHL (side-left, side-right) B4 1920 % 104014%
WOLTH A M 1.77 Mpts/s

%9 Waymo Open Dataset H{IEERERZFEER
Table 9 Sensors used to setup Waymo Open Dataset

B AR B 2R
HOETE 5 (top) 1 EEAYGA([-17.6°, +2.4°] ;IEETEE < 75 m; [ AR =R E )
O 3K (front, right, side-lift, side-right) 4 EEAGM-90°, +30°] s M FEEFE < 20 m ; A X ] I
5 3R E LA (front) 1 ZHER1920 x 1 28013 %K ; /KF¥l fg +25.2°
T3 R EFFLAHBL (flont-left, front-right) 2 ARHEER1 920 x 1 280143 ;KT +25.2°

R HEREF FLAHHL (side-left, side-right) 2

IIHER 1920 X 1 040155 s KL fy +25.2°
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ETE G E315% 3D BirlLRid
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mMEd, FHE, BRE, RO, BkB, RER, SRE, &R
i HARRFIREDN

1.2.4 DAIR-V2X ¥4

DAIR-V2X $ 484 (Yu %5, 2022) & H A 4Bk &
AT 2 B b IR 5728 B 5T A0 KR | 2R3
Z B A8 oL IS LR PR AL
GPS/IMU i T 72 G S5 A% AR 1 ) 2072 38 24
IG5 78 iR S AR B 2H A, = BB RS EAE 2 10
g, A RER AN SEANER 11 s, BEEH
6710 km BB T IE 5 10 km (0975 4 A 1% .28 1
S TR 38 -5 A HL AN ] AR A5 R A AR A 1Y) 25
DB AL E 71 254 Mt s 2 B5HE A 71 254 it (K145 5
it , FLrh 40% FECHE DI i % SR 28 SR AR L 60% T 1Y)
B D2 iy A SR R A, I A R B 1 0 56 56 i v p
P I8 5220 3 1 A BSod A 4] o BRI R4 (3RS
MR . T A BT T AN TABIE . FRici B

IR 55/ NAZE (car) VR4 (truck) (LS (van) (2
2Z 4 (bus) A7 A (pedestrian) . 417 4= (cyclist) . =48
% (tricyclist) | & 4E % (motorcyclist) . F #E 4= (bar-
rowlist) F13Z 18 #E AR (trafficcone ) , FLAR ) B0 HE 45
FE B R HAARTE (R 12) RIS RIE (R 13) .

%10 DAIR-V2X HIREHIEEE
Table 10 Data accuracy of DAIR-V2X dataset

R B B B
AL K% 1920 % 1080152
AHAIL (% 31 ) F{% 1920 x 108014 %
HOETE B (Fi) (DATR-V2X-C) A= 0.72 Mpts/s
BOEE R (49) (DAIR-V2X-V) AH= 2.4 Mpts/s

F11 DAIR-V2XHIEEREREER
Table 11 Sensors used to setup DAIR-V2X dataset

BE& R BiE = S
. . . 300 £ 5 RAEATH 10 Hz; K7 1 100° ;"2 H L #1-30° ~
3 NVN= oy . . ’ ’ B
HOGE Ik () 4 Jaguar Prime from Innovusion 10° 5 1B 6 < 280 m s MEFKS FF +3 om
" B 25 0] RGB ; SRFEM 2 25 Hz; /3 9E2 1 920 x 1 08014 % ;
o 4 - ;
AHAL ) 455k IPEG
ORIk (43) . Hesai Pandar 40P 40 2% 5 RAEIIR 10 Hz; KR35/ 360° ;1% A5 -30° ~
(DAIR-V2X-C) 10° 5 M FE S F < 200 m; " B 20388 +0.33°
WoOEE Ik (4) . Velodvne 128 LIDAR 128 28 s REEMIH 10 Hz; KL 10 360° ;3 A 1 -30° ~
(DAIR-V2X-V) Y 10° 5 M BE Y ) < 245 m; MBS < 3 em
- B 6,25 0] RGB ; SRAEAIE 20 Hz; 703535 1 920 x 1 08014 % ;
HIHLC ) . ~ i {71, 45 1] SRFESAR 20 Ha 3 43 HiK 1% %

GPS/IMU 154 ST (4 ) 1 -

JE4i 7770 JPEG
HHTAE 1 000 Hz

TE "R E T A R AR R

F12 DAIR-V2X #HiE&E BMIRERER
Table 12 One-sided annotation information in DAIR-V2X dataset

FB FBKEE L X
Type - - BEFRER10F)
Truncated_state 1 - BEEHEINTAN [0, 1, 2] THERE , 43 53R AT A 1] AT O i
Occluded_state 1 - FEEHYIERM [0, 1, 2] EUE, OARERANEERY 1 1A5R 0% ~ 50% R, 2 03 50% ~ 100% Y
Alpha 1 SREE BARBYWLI B JE R -, 7]
2D_box 4 BF EG P EBRE 2D S FHE  ARid N 70 TS 545 T T AR R AR (0 s Yot s X s Vo)
3D_dimension 3 m 3D PFHERIRSFE (h) V58 (w) A (D)
3D _location 3 m 3D B FAHEH s S AR (e, v, 2) 2T LIDAR AR H5 5
Rotation 1 INEE RN RERFYISE Z BERE f B2 MO (-, ], JE T LIDAR AL dp 5

"R B G MU B B
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F 13 DAIR-V2XHIE&ERAIRERER
Table 13 Fused annotation information in DAIR-V2X dataset

T SRy, &
Type FB - AZEEAREEL NG (car) . KA (ruck) | THALF (van), 238 % (bus)

World_8_points A m

System_error_offset %44 m

§(|l u)

BRI 3D 1 FHE 8 TG A AL B (e, y o 2) , 2T AR AR 2R
E8% i 5 T AR G S AR B R B 1R 22 (delta_x  delta_y) , 5t N T. B IE s Rl A AR 194

T =R B B o

1.2.5 HAbigE

B ik 445 RO AR5, ik A RE M 3D H s
4 pE AR MM R HABBCE 4 S k. i, Apol-
loCar3D (Song 55, 2019) FH8 442 7% 5 277 1 25 3 [#]
GRS 6 TR AR I OV bn i T
5 R SE FEE 28 470k 2% 3D CAD (computer aided
design) B A . 2B R IL 455 G- 3 4E(L L 3
YEIARTIT & T —Flopn it 3 e L ik
1.3 iFNEE — FRIENIER

TE 3D H ppda il 2k , - K5 FE (average preci-
sion, AP) (Everingham %5 , 2010) /2 % £ .74 P RE 11
e FEAFMAEAR . SR, AR BN 45 2R 5 A 2 [A]
A4 T [E s v, A ] A 8000 B 5 TP 240005 8 i 3 5807
XA P20 o AR PR 23 KITTI 3D $5 46 nuS-
cenes BHi 4 UL 2 Waymo Open Dataset £ £E ) 3D
H BRGNS PPN B o
1.3.1  KITTI 3D Zdfn 45 0P St ofie

FE KITTI 3D B84, XF 3D 343 SHAE DT L F 7 o)
W53 B T AR R PEAT R bR . 30 SAAE DL B 1 fE
K AP R A, T3 7 18] (9] Y B8 U SR P24 77 1) A
I (average orientation similarity , AOS) KP4l . 7E
T AP B, 22K B IE 4 (true positive, TP) 1938 FF L
(intersection-over-union, loU) (Everingham 25 2010)
I 50% , Ho X /NR G (car) 2800 223K TE 1] 1 ToU
I 70%. KITTI 3D {4l A& AR 4 3D Tl I A€ F1 3D H.
{EHEZ [ A9 52T HEAH3R ToU

FETTIEAREIAE (AOS) 5E LA

1
A0S = ﬁ,e{<;.l,...,1}

X H,r = TPITP + FN J& PASCAL (pattern analysis,

max s(7) (1)

>

statical modeling and computational learning) H #5
M4 7 0] 8 (recall) (Geiger 55 ,2012) ;72 K T4 T r
(41 R A8 s e [0, TR T5 I AR, HE SO

1 1 + cos A}
TIPS

o, D) B A IRy r RS, AL 3R H s
PR S A Z B A 22 . O T IR 246
HHVCAC S [a]— S B, ARG B iR i D4 VR E) A
{E (ToU 2/ 50% ) WM BEAE S, = 1, %M 8, = 0,
1.3.2 nuScenes §04E 5 PEA L

7E nuScenes B, 1E SCH BRI JEAE ¢ B 2]
HEAT , IR [-0. 5 s, ¢ ]SS ] P 04 A% Je e 2508 6 A 7
Kl . nuScenes 4 4R B A I 1 B R 1026 H
PRt . 31X 10 28512 nuScenes B9 £ A5 vE
[ 23 2R T4

[FJ#F , nuScenes B4 46 L 08 FHF- 24085 B AP AR R
FAR A I /Y T ZE PP g br . 98T, 5 KITTI 3D A
6] , nuScenes 45 £ 18 1 750 00 HE R0 B AE 76 5 1A
TR 2D U BE R d R IEMN HARVEICRE . X HE A
NS R PRYCRE R AV R A t=F A A T B S ANl U=
Ty 1Al AR AT o3 B o A T A I AR A 3R
(precision) I L 10% 1Y PR (precision-recall ) f£E T
) JH — A TR R T8 220K B2 44 {H (mean average
precision,mAP) . 2R IR DAER LT 10% AR
3 RE RS R AN FEE R A3 [m] 24 X ] 4 Mg P P 52 e [ 22
b7 (38 &%%%Dﬂq{m(i =0.5m,1 m,2m,4m},
B4 CH{CId < DY BT B 200 mAP 45 47 .
HAR

5, (2)

1
i 22
B TPIIHE E AP B 2 A0 i8R E TP ic
ZA-TPIREEBASFR, Wl L d <2 m B A TP
28 P AT X B AR X AR 2R ST e A7 3T
B AT RS AR PRINE , d E R
INTF10% W3R 43, FRoREE . ansRE— 2 p0 A
[0 RN F 10% , WZZE ) ) BT A TP 152 22 B 58 b

mAP = AP, (3)
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ETEGH B3B3 3D Birk LRk

i HARRFIREDN

WEBIN 1,

TP IR ZE I FEA 54 1D PP iRE
(average translation error, ATE) , fifi Fi 2 4 Kk JL HL 15
FEEF AT S5 2) 28 L1522 (average scale error,
ASE) , 75 J5 i) X 55 FF-H %68 55 J5 Sk T I HE A1 5
{ELHE () 5 B 455 ToU SR sE X, B 1-ToU™ 5 3) 4405
if 1% % (average orientation error, AOE) , H 5 Lk i
AN FLAE Z 1] 1) fme/ M ATL AR, B D IRE  BR 1R 2
HAE180° M 1 (XFFR ) 14 BERT-4) LLAL , Bir A 10 £ B 4T
JEAE 360° A3 FEl A ZEA T4 4) P43 3 JEE R 22 (aver-
age velocity error, AVE) , Hag SCA 46 6 s J 12 22 |, i
FH R I 2 45V T 1Y 3 B 22 19 L, {8805 5) - Y Jg Pk iR
7= (average attribute error, AAE) , Fo 58 X8 1 I £ 4y
FHSIE

XA~ TPIRZZBE AR R, 1] AT pry 201
#Y9-F-£4) TP 1% 2 if 15 48 F1 (mean true positive, mTP) .
HARH

mw=i;zn1 (4)
|C|L'EC

K, TP AR BN ¢ 1 TP IR 22 385, € S 251
B AR —LEIR PRSI RI Wy IR b B B
SCMBAARHATHE . o, X F— 261 E Y R34
ARG R ZE

TE nuScenes F5 AL FEUE KA [A] 9 158 2 25 A4
B I B — A 43, B nuScenes i 73 55 (nuS-
cenes detection score ,NDS) , Hiig X h

z(rmmmmwn}w)

mTP e TP

1
NDS = 1O[SmAP +

S mAVE .mAOE Il mATE (31545 547 n]
KT 1, {HNDS H A —> B R R A 7E [0, 1 g Z
1], NDSBE% & T Hintailvene, X456 7T
FERE AL E RN 7 0] M R A A A A
it
1.3.3  Waymo Open Dataset £ 5 PEA FE1fE

55 H A B 45 M EE , Waymo Open Dataset 28 %
LT HARKI RPN 8 FRER T AP Z 50 3842 T
— AN E B APH R 1) 45 B G 0T 31 B s I B2
AP E N

APH = IOOf;max{h(r')’r' = r}dr (6)

o () AR PR I T p(r) 9S4, L
BE T A B o A TP H AR BT ) 15 S

min(‘é—@‘,Z’n’—‘é—@‘) B . .
il - O 1673551 g FHEI L 1)
£ AR AL 1] A, A IR, HoE AR -n, n)
Z A,

1.3.4 IFHr ¥R L

1 R AT LA Y, KITTI 3D s 420 3D i
FHHEDCHC 5 77 18] A1 U3 73 B T, BEE T S AS [ 1Y
W HEAR . nuScenes £ 4 WA N I 24 73 B 43—
PRI K BARE S B AR RS Ry
] 0 43 9 ok S TR T AR IEN R bR . O3 4b,
nuScenes G HE N A 1 ToU F8 b5 SR 3T 38015 19
BLPERESEANTA S 1Y, R0 2 S A 5 o K AR
JEmS o AnlE 3 s, Horh S 2k i FURE y LA AE , 2k
HE S FIINHE . >4 R L 2 4 i FAE h O BE B i
PERETR RIS, FUAE A4 7 17 5 HAERESE 42 DL AL ; 2R
B ToU A 2y 5 for Ve e 48 Bn 15, T0UIAE 7 37 5 FL(E HE
28R . Waymo Open Dataset FUHE 2 A Sk A iz
A5 18 (1105 45 F AR AL AR SE B3 18P 34
JE W A R 3 5 B A A R AR DG B
EATE I 2 — & 87 TP bR HE R AR 3D H bR
iRl

TRHE

K3 T AT AT RE AL AR

Fig. 3 Disadvantage of loU-based location evaluation

2 HABRERSRESN

2.1 HFEHARE

B 29 JE T BE 3D H ARk il i e e
—AEZENER, FERIAEN B R A 22
St bR R AR T S DT . AR B A
THEIX LB A ZRAT R A R
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2.1.1 HdiEks R

NG B V5 S WA ), B SR AR I 4 256 iUR
PR BRI AT ARG Y B o A7 R R D 2, AR AR BIL
R HERRZ R E TTRBRER LT H A — 245 4k
I B o BN, BT B A UG R 5 R 2 L
R, 4 B bR BUR RN T — 25 (AT R < 5014
FOBE, HARK I ERR 2 KR T R X T 42200
B, AR A0 L CED P37 £ n] A0 R S %) B ke
F UGS R RAE B SLEERM A EE A RS S
B TE T E 3 BERADGRE B 50T, SRR, W]
PR B R, W05 A B/ D | BE A% SR R Y [ /)
FE PR BGPTSR, L AR K, R S SR
(S LR o S 1 P 3% 0 E AR R RUEE 8 56
LT A R, AT R R AT S
2 SRR AR DL Bk 3 2 A A BIL A DR A AL 3 A 1Y
[i) A
2.1.2 FAEAER

G B S IAE o BUR R G AE AR AR R
AT et W 1 R L NG DIR PSR
FIHE 52 A8 e 1 BRI, 3 4t 55 v %) P R 435 31 TR
T S FEOE A . Hoh  BON I R
A2 A UG IR A — R A FE AR AL PR [R]HEHY |
H P DL S T (RIS o XS e R 2 50 ) o 445
T eI (LAERE ) . B 4(a) (b) MR — 4240
FEARTRIFEES ot 0. 18 4 (a) Th 250 I B 4
A, AR RS B 4(b) 4240 R B 4 A 38
e, ARG/ . 4 e) H ST RS 0 B0 450
Bl BG5BT 4.(d) v i 370 1 4 40 i H A, 4= 5 3
Phio N TRBLX S22 S — BB R AR TR I T AH N 1Y)
JEPEFR T o 7E KITTLE R 46 v, a4 H R Ae BIR
2D 313 FHE Y e i oy ) e KAR 2R (A R B D
TR B SR A A oA T v A D ST A 34>
T4 . Waymo Open Dataset ZH5 4 1, WIAR 5 H A5
Xf N E O IR R B, R4k 9 LEVEL_1 A
LEVEL_2 g0 . W T sl =2 O T B 1
135, RIFER /NI 22 AL I i 28R % | Thi e
TEAL I B A TR AT LA A X R e R A A
SRR 2 R 0 B B R A T 1T R 43

TR b AR 22 8 E R RE AR (] 1) 22 S 42
T ACH WA R DT 58 X SR AR 2. 2. 2 AT
TR AT o

(b) iZALHY H R

(o) HeitTeh HbR (d) By H s
K4 Wi R/ A AT LB P 7 1)
Fig. 4 Examples of object distance and size change,
truncation and occlusion( (a)close object; (b)distant object;

(¢)truncated object; (d)occluded object)

2. 1.3 bRiEddE R

227 1 JE PR 3 A B T 10 3D B 4R 1Y B
/D F OARER 2D B 4E (40 ImageNet 45 ) . B JE,
RAR 3D B AL T T E L A FER AL RO R
ik R IR R TR G AR AR AR 1 T AR
VG MHET RHEE— G BRIL 2D FdlE 4%
LRG 3D BHRRERGE M & 5. IR, 2D ¥
AL B TE VA [ B DL T R AT B SR L i AT H
BB 3D E A AR MR AE A W 221z s I L B R
R E TR A S Z B8 8 SERDLIRE R Z R
S, e, AR LT 2D $50HE A9 fAT bR i (R R AE
FRvESE) 3D BE T BAE 3 4E s (] rh gEA T AR AR TE
TR Z I H T E AN [l IR 2% i s 2 A T B ]
Az ] b A VCECA IE , XA A 53 i B e EE R # R o
PRIt 3D B840 2 i B SR AR FNBR T4+ R, 75 L
BAKE AT 1. StE Hardl 23D HAskl
KB EEFERN, 148K T —SBda 8 5 &
ST HEIE L, Hefixn m A n A HIPLAG RIS , 2D K 4
BRI A ISLVRC2012 HZE RO .
2. 1.4 HREMIE

A 3D H bR X RO E S s E
PRVEF 3D FAERR T o 525 o3 F R XA 2 A
=EAE RS R0 8 2 BRI R T A E A,
R 7 238 TR A = B R 4T H AR R I (A gh-
dam 25, 2021; Xu 45 , 2022; Ku %5 , 2018; Chen %,
2017; Dou %5 , 2019; Chen %5 , 2020a; Nabati Al Qi,
2021;Lu%,2019) fHAGE A5 T UL 3D H sk
W TR g R EE R A
BB Bk S i OR A s BAE AR il B AR 1 3 B T
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R14 HIEEMEXLL

Table 14 Size comparison of datasets

HETESINE G Bl W5t
Bt sy IR 2 Ty P— .

B BH g 0F BT W e oo st shsders PO
L Ui i [iBN
KITTI 3D 3D - 8 15K el 15K 0  7418x1 - 7 518x1 200K  Jo/TG
nuScenes 3D 1000 23 14M A 400K 13M 28130x6 6019x6 8006x6  1.4M  F/4
Waymo Open Dataset 3D 1150 4 1M H 200 K 0 122200x5 30407x5 400775 12M  H/A
Argoverse(Chang 5§, 2019) 3D 113 15 490K A& 44 K 0 39384x7 15062x7 12507x7 993K  H/A
Lyft L5(Houston %% ,2020) 3D 366 9 323K & 46 K 0 22690%x6 - 274686  13M  EIE
H3D(Patil %,2019) 3D 160 8 83K & 27K 0 8873x3 51703 13678x3  LIM  J/&
A*3D(SongZ,2019) i - 7 9K A 39K - 39179x1 - - 230K HMA
CityScapes 3D(Cordis %,2016) 3D - 8 25K A 0 0 2975x1  500x1  1525x1 40K Ik

ImageNet(Deng %5 ,2009) 2D - 21841 14M - - - 1281167 50000 100000 - -

T FRORE T B R AR R

EUE A 3D H AR I 25 B B (Feng 55 ,2021) .

FET U 3D H A il %) G Am v 322
3D I HHE o S R By kG Bl ET LU
64~ F H BE A 1), — e i) 3D i1 SEAE A B v AR B
5 3D I FAHE AT O s AR (v, y,2) K FE R (Lw, b)),
DL R fa (IR £ TR sh #a i fa 0) o i T80
YR 1 B AR AR T8 BV T s sh i, A 25
H 5 B AT 71 R 3l £ G BUE R 0) 38 5 18
TASH (e, y 2, L w, b, 0) F5TE 3D 1 FAE 19 3D 7
BORSF 2S5 B (Geiger %, 20125 Caesar %5
2020; Sun%%,2020) . 3D HARKM AT LA A & —4
ZAL S5 ) By I, H B ARl X HARZE 5 LA & 3D
L FAE R B RS RS AT B AT B 0

FE SR BRI A 55+, B AN [ 28000 H AR g Ak
WFNE 5h 22 S, R AL AR 7 4 B [
BE D7 A TR 25 o Ku %8 A (2019a) XF KITTT £k 4
b BAs oy m Ak T g, R — A X TN
VAR RN A T 00 J o) SHCIAR B o8 X AT AN 7
o) FOAR BE o /NS RN AT 25 00 - 28 07 T A s 22
(average angular errors, AAE) 73 5 /NTF 7081 20° , 1
AT N4 567, H i R Al 5B 42 3D 1 FUAE i bR i T
KZWE T BRI Z M 2: 5 . BACkUL, /MRS
MPEEFC 4 AAT AR WIEYA , HAME — AR 23 %
A R KA AR 5 e s 38 G 1 — A~ W]
B 77 151 (4 3D S7 5 AAHE HEAT AR T 5 AT A2 R K
(1, B2 AR ZAE N T AT AR s 1 i DL e S, il

FHSE 7 AR (4 3D 1 FUAE b7 14 3 T BOR [ AR 8] 5
i) 2 S5 78 DK, AT 52 0 810 s 5030 19 I AR A ) 25
e TR O

R B AT N R IR SR OB 4 B i 7 X
(Dong Fll Isler, 2020 ; Li 25 ,2021a) 7] AE45 25 H 500 4%
B, H, Dong il Isler (2020 ) 3 3k A% 35k A 71 )9 F50)
PR 3 4 B R E AN 5 iR ) o 254 LT &
TETE AR B AN T R, T UG T AR BB R 4
7 1) R g (s i 2 CAnTEl 6 i ) o 3k b 1 11 7
FEARFAALHE + 1) SRR A R 38 W R4 Fr) A e =X
AT LAIE N AT N BISME 2228 I RRVE | 5 ST 5 AR R
SO 1] TIN5 2 55 K 10 R 5 2) SR BRI A: A 11
EJ7 2T AW 1A S50, R i S5O0 R ik
S5 ¢ BAE AR B0 oy y) AR r AR AE AR B0 7
h K ST IT IR FHER) TS5 (v y 2,0,k L, 0) T8
BB FEAARTER A B E (v, y,r,h) S ERS R

ES il FAREERIEAT Y14 3D H AR 7R 4]
(Dong Fillsler,2020)

Fig. 5 Examples of 3D object detection using ellipsoid in
the literature (Dong and Isler, 2020)
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Ko FIBFEAXT T AZEAT 3D b7 i

Fig. 6 Example of 3D annotation of pedestrians using cylinder

VR, [F) ) AN 52 ) X6 A7 N 57 R0 RO B F000 5 3 ) >R ]
FEAR AR 1 7 23 o] DA tE— 25l AN [ 7 3 25 0 [+
— AT NIRRT A 25 5
2.2 FERHAERMRESNT
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Fig. 7 Flow chart of one-stage and two-stage algorithms
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3D object detection via keypoint estimation ) , 18 11 B
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Fig. 8 Examples of feature point coding for key parts of
the vehicle(Chabot et al. , 2017)

(b) ATBCHEAR R )
P9 AEAKT K i B 7 49 ( Chen 45, 2020b )
Fig. 9  Examples of sample pair and range circle
(Chen et al. , 2020b) ((a)pair matching strategy for training

and interence; (b)example image with all effective sample pairs )
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Fig. 10 External object representation(Zhang et al. ,2021)
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Fig. 11

Visualization of the “long tail” of the pseudo-LiDAR point cloud(Weng and Kitani, 2019)((a)LiDAR point cloud;

(b)pseudo-LiDAR point cloud ; (¢)comparison between the LiDAR point cloud and pseudo-LiDAR point cloud )
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of representation , CoR) R FRHTHE SR , Xof 2 T Oh O
IR R KRR 3D H bp A ) 5 12 1A 7 i 3] 9 11 1)1
gk, URAN TS Z (R R O HAEE 5 K%
B EL A

AR T AE 5 H 3D H ARk b BA 2
A B T L L TR 22 B30 B0 A o 7 TR
(R F ik — 2D AT H AR I Y, KT, Simonelli 4%
A (2020) TA Ay ¥ 3 F5UIN Al B 3D 1 A A ) 2 3 b 2
1, IFEFT R IE R ST —F I H 3D HArk:
W By 3 7 B8 % TR i 45 44 MoVi-3D (monocular visual-
inertial 3D object detection) . 1% J5 % Al F JL{] {5 &
TEI AN A g SR L, JF%F B BRI 0 5 B
BIOCRIEAT TARMELL , 0 2 U /0 B 8 217 ok i 1 o A1
WS AV S o 38 2 AR R LA PR X by o, TR R AR
RN PG 227 2] TR R E R, RIRFRAR T 501
SRk
2.2.4 Bl

BRIV RS, 1D ZE R AR s
WO A sz (W B BB ) sl e AR o 5 2) it 11
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SEAARRLGE | 22 WA B S A b il B A B
(R

— AR, 5T B 3D B AR I A M R
22 14 D DAL 2 6 T PR A5 A % T P RE AN A L (H 2
Wang %5 A (2019) I i 2 T P4 10 3D H ARAS I
B SETHOLE IR S =0 3D BAsk A %k Mg
22 50 T R R S EE 1 B, e U R
i K T R 1 TR B B 4 DO TR ik i 3R
IR SRR RO T IR R A E S i Xk
E R, BRI BB I B T O R IR R B 1)
3D H sl 5l L B RO RS R a5 5
LbFR . Weng Fl Kitani (2019 )t Db i0OG 5 ik 5
=AEH 3D B AR b ] 27 o 3200 R IR i B
3D H AR Y AR, B S I e A R 1 2D H BR
A8 DX, AR JSR PR IO 7 38 s 2 v Ry g —
7 DX B 2 AR, I Ay A A A ARG T — 1>
FE Y 3 AE FAE . Ry T AR FREREO TR A A s Y
KM $2 i 7 W SR, DA 2D/3D 34 FHAHE—
LI, PRI 3 G- 2 FE 5L 500 1 1 2D fi i X
Sl FL A A5 v Y A R 2) T S R 2 2 4
L FAHEVE R 2D ik XY e, LD AN g T il o
AR5 . Ma 55 A (2019) R — 4>l 7 g A
ek A BRI\ 2 4G T e 45 31) 3 4E i =25 ()
DLARTS B G7 i i A 3R 5 SR R = 32T I 2 3k
113D HARKI , LLARAS H AR 3 4E 47 & RFFJr
o BRILZAN, S T 3G S = BRI RE T i 4 ) —
it Z2 B X R IE B A R, 4 AR 0 RS RGB AR-AIE
LRIRABVE R R B RR D,

H T A OG5 I8 8 = Fon 5 T ER R
3D HARK IS s T 3R R B RE ) AH %2607
3k BE A ST A TR BE AL T TRV R BT 2R
AR IERE TEHER R B R 2R o, IR
H SR Li %A (2021b) 4 Hi— Rl sk R 1
SRR 3D B R Al J5 72 RTS3D (real-time stereo
3D detection) . FANBOGTE AT Y 3 4ERAE S
AR, iZ I E I T —FoE By 4D R — B B
S A (Fourier contour embedding, FCE) %5 [A]/E A
3 a3 7R . FCE 25 )3l i #8 2 DST A4 X
FH % 22 ROBE AR —BOHE ke St B 19 25 1 R SC
TR, N TC AT TR BE B . A ik it 1 ik
5| 548 1) 3 PR AN (radial basis functions , RBF ) #14%
FA IR AT, LAY/ FCE 25 [ 75 (1 5% 00, 111 JC

T S HE M

B T RANL 3D s EE LASh 38 A 2 R T S
SEARRBE I I . Zhou 55 N (2022) £ ) —Fh 37 4
SIS H 3D H ARG IAEZE SGM3D (stereo-guided
monocular 3D object detection network ) , fff F M\ 37 14
i N\ v ) B RGP Y 3 4R AR R s B RS I Y
FRAE o 207k T — b 20K B2 B0 38 R (multi-
granularity domain adaptation, MG-DA) L] , ff %] 4%
REZ MBI PG A BB AU, ST AR08 A R AE £ 45 4L
S R S (R R S G AN
& T ToU DEIC Y X 55 75 5, AMES A 9001 42k A 2
o R A R SR T T L, DA ST AR B H S0 = ]
S EH AR A GG N . Chen 55 A (2022) 4 H —Ff
PhSr A 3D HARKIAEZE , A5 H &5 A L
PR TEMGARFAE | JHC e 6035 3 o i) kg U0 11 A 1l v
I3 AR R DR 1 IR AR AR S R, T4l
Bl A PRI A 3 4 H bR o b, b 42 H —Fib
BET L 22 R i WS 1) Sl A% B9 22 T ) Sh S B AR,
FHT 180 3 MBS PR i SRR, LA B A2
PGSR, T Z i 1 TR BE A 1 22 5 S B AR IR
s Chen 2% A (2020c ) 3 Hi— AR BE LA LA I 45
DSGN (deep stereo geometry network ) , 18 i °J ff A FH
FRE A RS T 3D AL A (8] ) 3D L5 A,
AT AT LATR] i 2 2] 2R AR B A LR R

P& T T 0 H LG Y 3D B A i Bk M RE Y
— A ETE R S . BOtHEBE SR
i REAS T2 BERS 8 A TR EE 5 L, (U2 H BTEOL 78 ikt
B B B, ANIE TR R MUY ) 20728 B 440 E Ay
TRE . — DTSR 7 SO S AR 1R
{5l fot FHARZR B A O T8 T8 5 2= BV D il B £
A o

BT ARG HEAT 3D B A I S 2 A 69 2
MHEMEFR . WH 2 A 12 Fis

AR AR 5T, ] UG 3R B A 5 A 2 A
Z I BRECC R BT Z R ER N

_fxb
D(uwp) = () (7)

2, (u, ) FRRE BB R AR, D (u,0) HER
FCu,0) IPAZEAG T, AL AR IR (CZe A ARBILAE )
— BRI BE k) L b A A HLA KRR S (BRI ZE
FABLFE R — KPR ) 2 (w,0) AR R S (w,0) 1Y
WAL
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Fig. 12 Binocular parallax imaging schematic

ST AR PG PG I 3 248 4 A 18 O B P A2 2 £
AR I SEAR R P S a0 T SCRULT{E B Lisk
A (2019b) 4t —FhEE T2 AR E R 3D H b I3
1% Stereo R-CNN (stereo region convolutional neural
network ) , ¥ Ji& | Faster RCNN., 1% J7 1 [a] B A6 I 01
KIRZe AT MR Y H AR X G, IR 78 7 1A DI e 77
%% (region proposal network , RPN) Z J5 ¥ N & 41 1 43
SOR TN AR O HE R LR H R . B, B
SO OGBS L RURT E AR YR E S 2 A 2 dE 1 FRE AR 2
& T BAR 3 i T . SRR R A
JE LR [Xi'ji(region of interest, ROI) Y &L T X 4 185
JEXTSTAMAGHH 3 4EAFAE . Chen %F A (2018)
P& 10 38 2o I ST ARG S 3D H ARSI ) v, 4
BT A RER R, X HARBY RN S | HARTE L
T _F AL E DL LA S A fas ) 5 B A2
T P A O 18 R B A IV RRIE A7 2 B, O 1) FH e R
B/ MESE R A L —2H 5 B i 9 3D BARfeik, SR
J& AE IRl F A A R 22 I 25 AT H ARG, )
TR SO AR B 013 3D 321 FUHE A A5 A
Flis . 5B R Ry iR E K 7 A, Qin
55 A (2019b) £ FH 3D FAE K B At iy e a7 AR TR 5
H RO R DX BRIV G AR L $i5 -5 TR T i 22 0
28 DA Hb s o G I R = A ) 3 4 2 ) R AR R
B BITEPIRNR T —Fh T B RAIE 8 E B
IR 3o AR R AR I 55 T A {E 5 DL
fe ik i fE o Lin5E A (2021a) 4 T AL T 57
PRRLSE Y 3D H ARAG I 58 B2 00 i TRl 42 10 T —A>
BT AL RAE 1 3D H ARG I AHE S YOLOStereo3D .
P52 LT 2D UG R U E S8 rh SRAS R AR AR 2L
I ELAE P SRR IE S 58 B AT 1. YOLOStereo3D 45 5

TSI EAZE 2D/3D B bR A 2 4 0 PR A P A
L BIAT — A i ST AR D b, 8k g
W B T E A (2022) $2 H —Fp gL
T 37 AR XI5 R 2 T 45 A 1) ST AR AL E 3D H B
i 9 % FR-CNN . 3% 7 15 1 Se AR AR AE S B 2% rh
TG T B kAT IO £ 5
H AR DG 118 XA B, U TR 2 55 2 I 28 A AR 4L
B R (05200 . A, 28 s A T G5 —sh s kE
AR JIASU SR W, A I 285 1 B Sy PRI ™ A A o 2.7
FEAHEAT G B AN 43 I, S B FR B g 4 1
P CBREERIE AR B . T RRINAE A (2020) $2 H —Fpagkft
[ F I WSTARRLSE 3D HFRKI A B . 155G, A
AR B 25 2] B 22 Al TRk HETT H AR X
MR 22T Bl , 3l S AHBL N A S5 0 24 1 B
s 8 2 R B S RRHIE R A AR RGB A
SRS ARG DL SEHURS HERY B AR, 5k P1 3=
N Q2021 FEH —A T AR EMG B B s 5 H
PREEESAETT 2% . 155, AL R-CNN [ 28 4 S A
DR 28, % et FH OL A 5 AT 8 T Do 285 1 85 T A 1
VEHESRHUN 45 o Mgtk B4 0 FH 0 FAHE T T8 B A iR
B IR BRI Z A T — A TR 22
1= 53 52, A T R UERE P % 2 40 I I ) MG RRAIE
TS 0 22 A AL I 1Y) EATAE 5592 SRR AE 9 40 25 i
FFENE . FREEAEA (20210 R ZE 4 H 9L A
WA B 22 0] 1) 6 2R D B A A R 25 R 1) — B ] A
AR RS W A TR BE AR D, $ Hh— i et iy S AR X
0§ 4 FRR 28 N 28 350, DA 7 1 X 2% DetNet (deter-
ministic networking ) /F A& T W 4% , #ETHXFE 5: H A
PRI , 13T 2247 BRI I OGS A2 A
] D i — SR R R B, 2 e VR DG B AR 7
EORE BE AR AR I R P . OB AE N (2019) 42 3
— PP ST A E ) G E ARSI SR
LT URBE S 2 19 H AR AN J5 2 4R B4 30 7 2 4 1S
AR B, 455 TR EEARAILA FH ST (R 58 2 2R 4
G HE 3 225 5 B s R 25 2 48 5 3 4k (5 B
ST 3 Yk () AR bR, A ST BRAR A ) 3 dk i FEHEL
il Bh X 4y 2R S 100 7 60 o % 36 R e 3 o 0 vk, R
T B AR AR B BEARAE A (2022) £ X
H 302 3 3 5 $2 ) — Fh 3L F Stereo-RCNN /Y Fast
Stereo-RCNN 1) 3D HFp #1506, 2
I 2% 3545 B br 3 4 i FHE 9 224 ok AN B bR
3 2 s 45 ) A e 0 DX Il I 445 [ 3 4 O
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S SR T 0 SO B R X 45 A SRk 1) H B B
SIRE T, P45 G SUZFHIE Rl A I 26 45 15 VS )2 FEAE 2]
R R AL I BE AR . B AR AN R H A% (2021) $2 4
— TP TR AE 515 0 ST AR B SE W Be 3D H A Ae: I
SLH:FGAS RCNN. 7255 1 jr B, SUH RGB B 5311
Az I SR 5 PR T AR I A 4 L ok L S0 ) AT
AR, AR i 0 I A A A SRR i AR TS AR A AH L 9 ROT
AECHE . 55 2 B B DG A R 0 268 1) A 1 A A
A O SR B, TS5 G 3 dES AR A AR ik
FI bR 3 HEFEHE . TRELEAE A (2022) $2 1 —FP e T
SRR ) 22 B AR FRAE 4 38 3D H AR ) 19 2%
MpFPN (multi-path feature pyramid network) . 1% [
KA RIS IO i A ) B, BT AR AR
DA By AR 1 2 A 8 A P 22 T ) e 4, Ay Jim
I A DXl A 7 O 24 B AL 1 T o G 0 SUAR B A
20RL R 7Y 22 RUBE 25 ()5 5L, DA T i sy 9 &4 1) A )
K5 HE

B 7 R B B B 15 =40 A e i
AN AR AR B (1 AR L BSOS B 38 a8 = B A S IR
T i B 5 o Feng 55 A (2021) 42 Hh — R 7 7Y
() PR 2 X 26 FusionDepth , i 15 A1) FAIG A (1) 4 28 34
ICRR IR H s B R A R H L R
> o DT JeRl G B B EUSR AR FIR B O B Ak
S FRIE R S0 ) 46 TR B B, SR 1B — A R A
IO AL 0 45, 52 21 1 Dy 3 48 23 [ vh ) i T 2 [
(RS, ZBHEAE N (2022) 2 H — A AR ZR SOt
TINFIAIPLSE B 3D HARK G . 50k 64 2
WOGTIA 8= R 5 2 5 0G m S 8 1Y 10% , K
M i i 25 FTRGB B8 A 28 TR E #b 42 ) 45 v 3175
R, LA OO R = o Z IR S =
R, P30 3 R T OB AURR IR 4 S35 19 3D B ARG
T T 2875 38 A 00 SAUATE 1 T LART A IS, IR 55

18 FAF B NS E T T ARG | R 3% R Uk
A EAR Y . ET R OR 280 T RS A 3D H bR
RO I B A o e T R A Y R, A 3 0 A iz 3l
(¥ B ) 7 5145 L o Brazil % A (2020) 32 1 T —Flor
AR T 50 H ALY 3D H bR i J7 i , A iz sk 42
Wy 5 ) 1 2 AR DR B T A B

BEAR AR IPAE A (2019) 1A X F 3D H ARk
R, HJ7 ] 1 B e 3045 BT ARG B 58 70 R L 46 e
P T — BT 2 MR A TSR T 19 M1 9 3D H
PRI R o SRR 6 A R R A AR 3

241 o3 RIS, IFAE 43 52 RO . 4R
Jei 3 ek A A A A e R HE B AN B R e AME IE 1
g, 38 A R 2 A B DGR U 3 AR bR, AR G
ST A bR AS T B BRI AR IR A S s Ak
3YEih FAER 7 . 5 L 2 4E RGB BIMR 5 I
JE RIS TRAAERL A, X0 R A 1Y) 3 4k 301 BAE DL Ky
] A EA T RT U, DAAS 30 g (R A 55 5

F92 b BT 3D H ARAIN 7 32 i 4% Fh
B PR 20 AN 4% [ 58 ST 0 AR 2224 3 3 1 25
A v IR B G2 i 22 5 T R SRE ME A ARAS TR Y
2Tt

3 ERSMARITEE

WS POB H AR A, 3D H FRAS I 4 52 AR
WG T A RAE A sh 2 309 3D B ARk (52
N FH 40U 1, ] PN A2 2 B 1 2R FH DL LR
F ) Z R G Ty Ok SE . X A AR K
F, BARESMOTT ST AR R H E NS T 25 08
HAK.

FE R 48 T I, AR SCT A 1 44 B 4 K
A BF [ YK R 2012.,2019 2019 ,2022 4, 5 £ ) 10
4. KITTI 3D $4l 4 & Aii T 2012 4%, & de )iz
FRAEAESE | b 3% A s ) Bt 2 45 Ah Bk oY
w2 B EcE 4R . IR EAF S N T
2022 4F 2 H & A i) DAIR-V2X B ¥8 45 | A4 % 55 hn
FEMFRER R . #1554 EE 4 M & A iHa)
Yt Z2FE0E BRG B | RGO 1 bR A7 B A4
JHEHEAT TR . AT AR W B R AR 5 R
SRV E I & S IK S IE A 56, B 98 3 0ok 1 T 24 it
VLI BN i SR AR A

MIFI AR, 25 DR 45 1 PP 8 s A
JUATE] . 3% [ A9 DAIR-V2X U5 A T H s K6 00 45 45
B mAP 48 b5, F0HE 1 28 0 KITTI AR #E 43 A 1
B TR HE 3 9. BT 4R B PR RD S B T
BHRAL T FEX A48 A5 AL (bit) PP 38 15 AL
A, VU 7E 22 B PR I) 3D B ARAG I i T £/
o BCHs . B ARKL N T, A 4 O 2 PR
65 H7 o

FERAESE b B A2 1 22 BEAR N, 24
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Table 15 Comparison of image data from 4 datasets
KA . N ER L I PR g o
¥4 ‘ KA Jige Bk B Al PREEE
s} (1] Pt/ /M
Karlsruhe Insti f
KITTI 3D 2012 arisruhe Institute o 15K 1224 x 370 80 K/80 K 3D 311 FLAE/2D 31 ke
Technology
nuScenes 2019 Motional [41BA 1.4M 1 600 x 900 1.4 M/~ 3D i FLHE/2D iH FAE
Waymo Open Dataset 2019 AR Waymo 23 7l IM  1920x1280/1920x1040 12M/9.9 M 3D i1 FLAE/2D i FLAE
DAIR-V2X 2022.2 JHEFEFRHE AR BE 71 K 1920 x 1 080 1.2 M/- 3D jh BAHE2D i FAE

E =" FRORBOA 2D L FHE AR R B R EE

M5 4t 3+ (Paperswithcode , 2023b ) , % 2023 4F 1 A 30
H T 50 H 3D HARK I 75 25 BE top20 B 3C
S R YR I8 SC 125 L 58— 1B S 4
NI S 8 i o PERE IR T N BT R 2 1Y
Hong %5 A (2022) #2 1 ) CMKD ( cross-model knowl-
edge distillation) , fli F T 24 4. 2 J7 i AR b5 3 A4 KITTI
BAEAE BN 2R |, Car 285114 AP 48 45 K U
g5 JL AR f7 B b SF IR ME O b A el LAk #)
28.55% . 18. 69% Fl 16. 77% , 11 25 ¥ AP 35 br b 45
24 (Liu %% ,2022) 1 2. 23%. ATLVAEH, HATET
2. H 3D H bR B IS BEASAL TR o R T
SEARARLSE 3D H A A I 1 B top10 Y38 3C 1 (Paper-
swithcode , 2023a) , 25 — £ % &y [ N 3057 19 38 5C
ST —ER HE AN AL eSS R . PR RAER)
TR Fm W T SCRF IR 5 TR R (1 Chen
45 N (2023) 45 HY B9 DSGN++, Car 28 I 1Y AP $5 b5 4
T 285 SR A i B vl S R PR E RO 10 oM 82. 21%
67. 37% #159. 91%, £ 45 R 19 AP, ol 67.37%, Lt
W24 (Guo 2 ,2021) 55 2. 7T1%., Al LA, H Al 3t
FAL AR GE 3D H bR B R RS B Ak F— A LA FR
(I7KF-o LA ARG R T | B N M GE K A 22
AR FA6LE T —263D H AR I i PE X
L, Ferh A s M RE R 2 AE KITTI AR 45 B X} Car 2851
HEATINHAAT 2], B IoU BIMEH 0. 7, /- /R TS TR 5
Vall (Chen % ,2015)/Val2(Xiang % ,2017)/Test [
AT BN AR RE B RN AP FE AR, AN B
N AP B . BUEALER T, M 327K monocular .S
%71 stereo , M1 2 7K monocular+ LiDAR supv ., M2 3
7~ monocular video ,PC 3&7R point cloud
FE7Mb N L, BT E N AE 22 gk st
1 4l B 5T MLAE 32 22 A B (Baidu, 2022) /N H

17 (Pony. ai, 2022) F4E K (WorldAuto, 2022) 45, H:
TN A FEROGH I (= B AL R 2
K T AR A TE BT 04 B0 LAROG Ik A
=N E EUREHE . E R FRGHTIY Apollo
RT6 £ 6 {CIC N2 B 4 e 28 T 38 /MO ih Fl sy
FHBL AT A B B A, e & 5B — 101 Apollo [ 3125
B RGN 1200 TOPS 5 1t 800, g T 149
H B2 3 Re T, ST AR S A4 I kT T B s
INEEATE IR AEHE Y Ajon TX 7RI 45 T4
TR L RO PER MM 17 G RS, 4
AT A Bl 15 3] 360° FlHR I 200 m, Hi55 318 [ o025 3
BAEFJ7 28 PonyAlpha CD4 HLAS T L4 A sl 2 3B
F1o BRARBA SR VE SHE N HI U4 UL 45 1 3 B% 126 2%
EMPHOGTE IS (13 N5 BERARNL 6 B2 K R
TR 120N M U TR A AR IR FE T 4R ADS = By
F 20 25 B 4 KR Atk Oy 5, 00 Fr iz B Re 1 AT ik 400
TOPS, B4 T LAY F 22 3l Re ), BRUE1E 2 ¢
(A3 T PR S P e N2

EISME B 32 3 S5k 4 5 1Y A b A S ML 32
PEA A W Waymo (W45 , 2021) Fil Tesla (Talpes 55 ,
2020) %5 . ¥ K Waymo 19 H 825 B 4L % 1 06
TR R T HERAR DR 2K T I8 % 20 2L AR
B, S BT X ] R A a5 A 4 v R, HEER S AR
Waymo driver H 823 RO 4 H A& T 149509 A
SN IEEE TSy 7R A HHE 1 5EAL T 2 000 5 9 B H
) 225 3 I RN 3 100 4228 B B AR 402 gl 3
Tesla [ 30725 3 % 5% 5% F 45005 1 ) 35728 S s
Z LV H AW AEWE S T 8 AL, 4T AL
I8 360° Ml iz 250 m, T H [ WF 1 2k 2 M
%% HydraNet 1Y FSD ¥ 22 H 25 1 L2+ A zh 2 3
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Table 16 Performance of some 3D object detection algorithms

- - 2D Hbrki i 19 1E&] 3D H A5 A 3D Hprkai
22 iy ) y N . y S P 4 i
fAj o A PRI XfE 1 B A PRI XfE i FfL A PRI XfE
Mono3D M - - - 5.22/-/- 5.19/-/- 4.13/-/- 2.53/-/- 2.31/-/- 2.31/-/-
Deep3DBox M - - - -/9.99/- -/7.71/- —/5.30/- -/5.85/- -/4.10/- —/3.84/-
. 22.03/ 13.63/ 11.60/ 10.53/ 5.69/ 5.39/
MultiFusion M - - -
19.20/17.73  12.17/9.62 10.89/8.22  7.85/7.08 5.39/5.18 4.73/4.68
3DOP S - - - 12.63/-/- 9.49/-/- 7.59/-/- 6.55/-/- 5.07/-/- 4.10/-/-
20.27/ 15.21/
90.24/-/  83.67/-/ 67.69/-/ 25.94/ 21.18/21.15/ 17.90/ 17.06/
M3D-RPN M 20.40/ 13.34/
84.34 83.78 67.85 26.86/26.43 18.36 17.14/16.24 16.48/15.70
20.65 13.32
88.85/
D M - - - - - 71/9.12/- 6.64/6.71/- 6.11/6.31/-
GS3 90,02/ 8.71/9.12/- 6.64/6.71/- 6.11/6.31/
11.63/ 10.51/ 10.51/
GS3D (scls) M - - - - - -
13.46/- 10.97/- 10.38/-
MonoGRNet M - - - 24.97/-/- 19.44/-/- 16.30/-/- 13.88/-/— 10.19/-/- 7.62/-/-
MonoDIS M 90.23/-/- 88.64/-/-  79.10/-/- 24.26/-/- 18.43/-/- 16.95/-/- 18.05/-/- 14.98/-/- 13.42/-/-
MonoPair* M -/-/96.61 —/-/93.55 —/-/83.55 24.12/-1- 18.17/-/- 15.76/-/- 16.28/-/- 12.30/-/- 10.42/-/-
20.81/ 16.60/ 15.80/ 18.13/ 14.14/ 13.33/
RTM3D (ResNet18) M - - -
21.34/- 16.48/- 15.45/- 18.38/- 14.66/- 12.35/-
20.77/
90.14/ 25.56/ 22.12/ 2091/ 16.86/ 16.63/
RTM3D (DLA34) M - - 19.47/
91.85/- 24.74/- 22.03/- 18.05/- 1441 16.29/10.34 15.57/8.77
MoVi-3D* M - - - —-/-122.76 —-/-/17.03 —/-/14.85 -/-/15.19 -/-/10.90 —/-/19.26
34.51/-/ 26.20/-/ 23.40/-/ 27.77/-1 21.67/-/ 18.28/-
M3DSSD M - - -
24.15 15.93 12.11 17.51 11.46 /8.98
24.97/-/ 19.33/-/ 17.01/-/ 17.45/-/ 13.66/-/ 11.68/-/
MonoDLE M - - -
24.79 18.89 16.00 17.23 12.26 10.29
23.64/-/ 17.51/-/ 14.83/-/
MonoFlex* M - - - - - -
19.94 13.89 12.07
12.75/
) 20.63/ 18.67/18.90/ 14.45/ 11.48/ 8.59/
MonoPSR M - - - 13.94/
21.52/20.25 17.66 14.94/15.78 12.57 12.24/10.85 10.77/9.06
17.26/-/ 12.27/-/ 10.41/-
M M - - - - - -
onoRUn 16.04 10.53 /9.11
20.02/-/ 14.65/-/ 12.61/-/
MonoRUn M1 - - - - - -
19.65 12.30 10.58
CaDDN#* M - - - - - - -/-/19.17 -/-/13.41 -/-/11.46
43.75/-/ 28.39/-/ 23.83/-/ 32.23/-/ 21.09/-/ 17.26/-/
AM3D M - - -
27.91 22.24 18.62 21.48 16.08 15.26
26.97/ 21.71/ 18.22/
D*LCN M 93.59/-/- 85.51/-/- 68.81/-/- 34.82/-/1- 25.83/-1- 23.53/-/- 24.29/ 19.54/ 16.38/
16.65%* 11.72%* 9.51*
31.14/
23.12/ 19.45/
DDMP M - - - -/-/28.08 -/-/17.89 —/-/13.44 30.66/
22.92/12.78 18.75/9.80
19.71
bD3D M /-/30.98 /-122.56 /-120.03 /-123.22 /-/16.34 /-114.20
(Park %5 ,2021)* ’ ’ ’ ’ ’ ’
ROI-10D M 89.04/-/- 88.39/-/- 78.77/-/I- 10.74/-/- 7.46/-/—- 7.06/-/- 7.79/-1- 5.16/-/- 3.95/-/-
85.32/-/  77.32/-/ 69.70/-/ 14.50/-/ 8.73/-/ 9.61/-/ 6.63/-/
ROI-10D (syn.) M 9.91/-/12.40 6.29/-/9.39
75.33 69.64 61.18 16.77 11.39 12.30 10.30
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Table 16 Performance of some 3D object detection algorithms (continued)

- » 2D Hbrgi i 5 E 3D H FrAd i) 3D Hbrfaim
i Y P2 o - N s 5 s = e i
i B rpiaE PRI X 1 B rhidE PRI i B g PRI
_ _ 27.83/-/ 19.72/~/ 1510/~ 1976/~ 1410/~ 10.47/-
Kinematic3D* M2 - - -
26.69 17.52 13.10 19.07 1272 /9.17
] 68.50/~/  4830/~/ 4147~/ 5411~/  36.69/~/ 3107/~
Stereo R-CNN S 98.53/—/— 8827~/ T1.14/~/-
61.67 43.87 36.44 49.23 34.05 28.39
77.50/- 58.65/— 50.14/- 64.76/~/ 4670/~  39.27/-
RTS3D < ) ) ) I~/ I~/ I~ I~/ /~/ 9.27/-/
72.17 51.79 43.19 58.51 37.38 31.12
DSCN o 8925/ B3SO/ T84S/ 83241~/ 6391~/ ST8Y-/ 23Ul SA2- 4TT1
95.53 86.43 78.75 82.90 65.05 56.60 73.50 52.18 45.14
LGS < —/-/ ongor jgeior  B93S1 TI26~ €905/ 8492/ 6106/~ 6380~/
rereo 96.43* : ‘ 88.15% 76.78* 67.40% 81.39* 64.66 57.22%
—/~1 19.99/~/ 15.61/~/ 1528/~/ 1476/~  12.85/-/  11.50/~/
SMOKE M —/~186.95% —/~177.04%
92.88% 20.83% 14.49% 12.75% 14.03% 9.76% 7.84%
] 78.68/~/ 6619/~  57.60i~/  62.96/~/ 5047~/  43.63/~/
ZoomNet S - - -
72.94 54.91 44.14 55.98 38.64 30.97
PL++: AVOD s - - - T1.0/--  637/-I-  56.0/-/-  632/-/-  46.8/-/-  39.8/-/-
PL++: PIXOR s - - - 797~1-  61.1/~/-  54.5/~/- - - -
PL++: P-RCNN s - - - 82.0/~/- 640/~  573/-/- 679/~  50.1/~I-  453/~/-
AVOD M - - - 337/~1- 246/~  201/~- 195/~ 172/~  16.2/-/-
F-POINTNET M - - - 40.6/-I-  263/~I-  22.9/~I-  282/~I-  18.5/--  16.4/-/-
AVOD s - - - 749/~1-  56.8/-/-  49.0/~-  61.9/~/-  453/-/-  39.0/-/-
F-POINTNET s - - - 72.8/~1-  51.8/-/-  44.0/~/-  59.4/-/-  39.8/-/-  33.5/-/-
PointPillars PC - - - —/~188.35  —/-/86.10  —/~/19.83  —/~/19.05  —/-/74.99  —/-/68.30
] 93.15/-/  86.28/-/  83.86/-/
BtcDet* PC - - - - -
90.64 82.86 78.09
9351~/ 86.10/-/  83.60//
LENet* p - - - - -
GLENet ¢ 91.67 83.23 78.43
89.04/~/  84.04/-/  78.68/~/
VoTr PC - - - - -
89.90% 82.09% 79.14%
SPG PC - - - 04.00%/~1— 111/~ 88.86%/-— oo 833LMH 82820
: : : 90.50 82.13 78.90
] 96.59/~/  92.28/-/ 8972~/  93.19/~/  86.12/-/ 8331/~
SE-SSD* PC - - -
95.68 91.84 86.72 91.49 82.54 77.15
26.33%~/  19.01%/~/  15.89%/~/
MonoCon M - - - —/=31.12%  —/=/22.10%  —/~/19.00%
22.50% 16.46% 13.95%
MonoEF M —/-96.32 —/—/90.88  —/-/83.27 —/-[29.03% —/-/19.70% —/-/17.26% —/-[21.29% —/-/13.87% —/-/11.71%
- FRE TR RS B
HAGH o A S 0 e 2 AR KR HiE,
MR E 2w P s E A s, i Am E
— 'y N ~, —_ A
Apollo H Sh B0 M fE e Pilg 2 e T Heh 4 #5 iF

TENZ B, N EATAEAL AT )N e T A
S B, A Waymo H 22 Bl 44975 5 [ KURL
L H A AR IXCSE R T A S e NS B AR
W ERIC 2B T LAZ0NR A S 3 RE ) (H2
FUATE 22 L AL 9 B 302 oK AR RR7E 12—13
9050, BV 25 Bk g A SE B B F S AT A

ARSC IR T T AR [ 32 BT 3D H AR
P AR B I e, BV T H AT £ 7% ek
R 14— 86 2 B IR R R e 5 I A IS, %
A KB R IEIEAT T 0T

AT B9 3D H RS I AE SRR 2 1 R E 1B

1733



1734

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 6,Jun. 2023

(KITTI ,nuScenes , Waymo Open Dataset %5 ) =1l 2 JF:

TR R ISR b BEAT I, SR, th T 454
FEl G R TE T SE MO 25 g > A5 2 A )

A 225, B LB [ B I 50 4 e 17 2% B el AR AR
I B2 5, I E N 2RI 20 3 PR S i o
T HL A B 4

WS¢ bR A IF I 48 bR K 2 1528 2D H bRk il
AR bR  AETE A — 0 B L Y ISR o B
XF 372 5k 1) v b N L 0 T I B 22 AR,
2245 0] DB SE MR B 2R I AR A | LA IV 52 A% 4
M5t

I, 56 T PR AT % B TR0 s 1ot AT 2 R il
BT EE Y 3D Eﬁ*ﬁ?ﬂﬂﬁ%ﬁﬁ%ﬂ‘ﬁé%?o il
T A H R R AR s B DR B AR R BT E

AT B H R0 3D BARK I PEREA SR8 2 . KR

W Z A TR SEBRARAE R R P it 25 18 B AR R/ IV AL |
SRS | RO Y R XS H RS e
RERY— D EERER, BRI G BERS 52 = IR
JE TN 8 A A L AE ST AR B 7 S PR A 2 7 v AT)
2318 B RRAIE VT BEAS HERA 5 B0 22 A TN HE Y [R) L
ey i v DA PIAGE rh A TR T Ao R A7 o — > ik
TP AP TR AR SR A SR BIF 5 Y 32 D7 1]

B O AL TEERERLSF @AM
TV AERAMRIEE ZEESEIEN htip: /lwww.
csig. org. cn/detail/2392

2 % 3Lk (References)

Aghdam H H, Heravi E J, Demilew S S and Laganiere R. 2021. RAD:
realtime and accurate 3D object detection on embedded systems//
Proceedings of 2021 IEEE/CVF Conference on Computer Vision
and Pattern Recognition Workshops. Nashville, USA: IEEE: 2869-
2877 [DOIL: 10.1109/CVPRW53098.2021.00322 ]

AutoX. 2021. AutoX releases the fifth generation Gen5 fully driverless
system. Automobile Parts, (7): #7 (AutoX. 2021. AutoX % fii %
TR Gen5 RTNBBRLG . JUEFRIE, (7): #7)

Badki A, Troccoli A, Kim K, Kautz J, Sen P and Gallo 0. 2020. Bi3D:
stereo depth estimation via binary classifications//Proceedings of
2020 IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition. Seattle, USA: IEEE: 1597-1605 [DOI: 10.1109/
CVPR42600.2020.00167 ]

Baidu. 2022. ApolloAuto/apollo [ EB/OL]. [2022-10-26].
https://github.com/ApolloAuto/apollo

Brazil G and Liu X M. 2019. M3D-RPN: monocular 3D region proposal

network for object detection//Proceedings of 2019 IEEE/CVF Inter-
national Conference on Computer Vision. Seoul, Korea (South) :
IEEE: 9286-9295 [DOI: 10.1109/ICCV.2019.00938 ]

Brazil G, Pons-Moll G, Liu X M and Schiele B. 2020. Kinematic 3D
object detection in monocular video//Proceedings of the 16th Euro-
pean Conference on Computer Vision. Glasgow, UK: Springer:
135-152 [ DOI: 10.1007/978-3-030-58592-1_9 |

Caesar H, Bankiti V, Lang A H, Vora S, Liong V E, Xu Q, Krishnan
A, Pan Y, Baldam G and Beijbom O. 2020. nuScenes: a multi-
modal dataset for autonomous driving//Proceedings of 2020 IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
Seattle, USA: IEEE: 11621-11631 [DOI: 10.1109/CVPR42600.
2020.01164]

Cao J C and Tao C B. 2021. An anchor-guided 3D target detection algo-
rithm based on stereo RCNN. Chinese Journal of Scientific Instru-
ment, 42(12): 191201 (WA, W #H . 2021. 2T Stereo
RCNN #9515 3D H A KR 553k . (U8R R 41, 42(12)
191-201) [DOI: 10.19650/j.cnki.cjsi.J2107801 ]

Chabot F, Chaouch M, Rabarisoa J, Teuliere C and Chateau T. 2017.
Deep MANTA: a coarse-to-fine many-task network for joint 2D and
3D vehicle analysis from monocular image//Proceedings of 2017
IEEE Conference on Computer Vision and Pattern Recognition.
Honolulu, USA: IEEE: 1827-1836 [DOI: 10.1109/CVPR.
2017.198 ]

Chang M F, Lambert J, Sangkloy P, Singh J, Bak S, Hartnett A, Wang
D, Carr P, Lucey S, Ramanan D and Hays J. 2019. Argoverse: 3D
tracking and forecasting with rich maps//Proceedings of 2019 IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
Long Beach, USA: IEEE: 8740-8749 [DOI: 10.1109/CVPR.2019.
00895 |

Chen F, Wu F, Huang Q H, Feng Y J, Ge Q, Ji Y M, Hu C H and
Jing X Y. 2020a. Semantic frustum based VoxelNet for 3D object
detection//Proceedings of 2020 Chinese Automation Congress
(CAC). Shanghai, China: IEEE: 7629-7634 [DOI: 10.1109/
CAC51589.2020.9327549 |

Chen N H. 2020. Challenging Tesla FSD, Baidu Apollo launches pilot
assisted driving ANP. Business Observer, (12): 66-67 (Bf:& i
2020. PR FSD, R Apollo i H AU I 25 Bl ANP. 4>
WIS, (12): 66-67)

Chen X Z, Kundu K, Zhu Y K, Berneshawi A, Ma H M, Fidler S and
Urtasun R. 2015. 3D object proposals for accurate object class
detection//Proceedings of the 28th International Conference on Neu-
ral Information Processing Systems. Montreal, Canada: MIT Press:
424-432

Chen X Z, Kundu K, Zhu Y K, Ma H M, Fidler S and Urtasun R.
2018. 3D object proposals using stereo imagery for accurate object
class detection. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 40(5) : 1259-1272 [DOI: 10.1109/TPAML.
2017.2706685 ]


http://www.csig.org.cn/detail/2392

zs
z=
$28% /E 611 /2023 %6 A

, MZw, FHE, FEFE, B, BkB, RER, AHE, B#
ETEGRB 3155 3D BirtelliRid—E# FIHERFREST

Chen X Z, Ma H M, Wan J, Li B and Xia T. 2017. Multi-view 3D
object detection network for autonomous driving//Proceedings of
2017 IEEE Conference on Computer Vision and Pattern Recogni-
tion. Honolulu, USA: IEEE: 6526-6534 [DOI: 10.1109/CVPR.
2017.691]

Chen Y J, Tai L, Sun K and Li M Y. 2020b. MonoPair: monocular 3D
object detection using pairwise spatial relationships//Proceedings of
2020 IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition. Seattle, USA: IEEE: 12090-12099 [DOI: 10.1109/
CVPR42600.2020.01211 |

Chen Y L, Huang S J, Liu S, Yu B and Jia J Y. 2023. DSGN++ :
exploiting visual-spatial relation for stereo-based 3D detectors.
IEEE Transactions on Pattern Analysis and Machine Intelligence,
45(4): 4416-4429 [DOI: 10.1109/TPAMI.2022.3197236 |

Chen Y L, Liu S, Shen X Y and Jia J Y. 2020c. DSGN: deep stereo
geometry network for 3D object detection//Proceedings of 2020
IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion. Seattle, USA: 12533-12542  [DOI: 10.1109/
CVPR42600.2020.01255]

Chen Y N, Dai H and Ding Y. 2022. Pseudo-stereo for monocular 3D

IEEE:

object detection in autonomous driving//Proceedings of 2022 IEEE/
CVF Conference on Computer Vision and Pattern Recognition. New
Orleans, USA: IEEE: 877-887 [DOI: 10.1109/CVPR52688.2022.
00096 |

Cheng 7Z M. 2022. Analysis of Tesla autopilot software system. For
Repair and Maintenance, (1): 33-35 (F2H4A. 2022. F:liH [ 3h
PR RGN R 4B S R SR, (1) 33-35) [DOL: 10.
3969/j.issn.1008-3170.2022.01.010 |

Chi J. 2021. Analysis of Google’ s patent technology for unmanned driv-
ing. Popular Standardization, (4): 162-164 (3 4fi . 2021. X F
Google T N2 3 (1) L R B AR 43871 . RAARMESL, (4): 162-164)
[DOI: 10.3969/j.issn.1007-1350.2021.04.053 |

Chi X R, Pei W, Zhu Y Y, Wang C L, Shi L' Y and Li J F. 2022. Fast
Stereo-RCNN 3D target detection algorithm. Journal of Chinese
Mini-Micro Computer Systems, 43(10): 2157-2161 (iRJH4k, ¢
5, dRokIE, FARIL, TRT, ZEHIE. 2022. Fast Stereo-RCNN
=Yk H AR I B NS PL R 5, 43(10) ¢ 2157-
2161) [DOI: 10.20009/j.cnki.21-1106/TP.2021-0167 ]

Cordts M, Omran M, Ramos S, Rehfeld T, Enzweiler M, Benenson R,
Franke U, Roth S and Schiele B. 2016. The cityscapes dataset for
semantic urban scene understanding//Proceedings of 2016 IEEE
Conference on Computer Vision and Pattern Recognition. Las
Vegas, USA: IEEE: 3213-3223 [ DOI: 10.1109/CVPR.2016.350 ]

Deng J, Dong W, Socher R, Li L. J, Li K and Li F F. 2009. ImageNet:
a large-scale hierarchical image database//Proceedings of 2009
IEEE Conference on Computer Vision and Pattern Recognition.
Miami, USA: IEEE: 248-255 [DOI: 10.1109/CVPR. 2009.
5206848 ]

Ding M Y, Huo Y Q, Yi HW, Wang Z, ShiJ P, Lu Z W and Luo P.

2020. Learning depth-guided convolutions for monocular 3D object
detection//Proceedings of 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Seattle, USA: IEEE: 11669-
11678 [ DOI: 10.1109/CVPR42600.2020.01169 ]

Dong W B and Isler V. 2020. Ellipse regression with predicted uncertain-
ties for accurate multi-view 3D object estimation. [ EB/OL]. [2023-
01-01]. https://arxiv.org/pdf/2101.05212.pdf

Dou J, Xue J R and Fang J] W. 2019. SEG-VoxelNet for 3D vehicle
detection from RGB and LiDAR data//Proceedings of 2019 Interna-
tional Conference on Robotics and Automation (ICRA ). Montreal,
Canada: IEEE: 4362-4368 [DOI: 10.1109/ICRA.2019.8793492 ]

Eigen D, Puhrsch C and Fergus R. 2014. Depth map prediction from a
single image using a multi-scale deep network [ EB/OL]. [2023-01-
01]. https://arxiv.org/pdf/1406.2283.pdf

Everingham M, van Gool L, Williams C K I, Winn J and Zisserman A.
2010. The pascal visual object classes (VOC) challenge. Interna-
tional Journal of Computer Vision, 88(2) : 303-338 [DOI: 10.
1007/511263-009-0275-4

FengZ Y, Jing L D, Yin P, Tian Y L and Li B. 2021. Advancing self-
supervised monocular depth learning with sparse LIDAR [ EB/OL].
[2023-01-01]. https://arxiv.org/pdf/2109.09628.pdf

Gao T Z, Pan H H and Gao H J. 2022. Monocular 3D object detection
with sequential feature association and depth hint augmentation.
IEEE Transactions on Intelligent Vehicles, 7(2) : 240-250 [DOI:
10.1109/T1V.2022.3143954 ]

Garg D, Wang Y, Hariharan B, Campbell M, Weinberger K Q and
Chao W L. 2021. Wasserstein distances for stereo disparity estima-
tion [EB/OL]. [2023-01-01 ]. https://arxiv.org/pdf/2007.03085.pdf

Geiger A, Lenz P, Stiller C and Urtasun R. 2022. The KITTI vision
benchmark suite [ EB/OL]. [2022-10-26 .
https://www.cvlibs.net/datasets/kitti/index.php

Geiger A, Lenz P and Urtasun R. 2012. Are we ready for autonomous
driving? The KITTI vision benchmark suite//Proceedings of 2012
IEEE Conference on Computer Vision and Pattern Recognition.
Providence, USA: IEEE: 3354-3361 [DOI: 10.1109/CVPR.2012.
6248074 ]

Girshick R, Donahue J, Darrell T and Malik J. 2014. Rich feature hier-
archies for accurate object detection and semantic segmentation//
Proceedings of 2014 IEEE Conference on Computer Vision and Pat-
tern Recognition, Columbus, USA: IEEE: 580-587 [DOI: 10.
1109/CVPR.2014.81 |

Girshick R. 2015. Fast R-CNN//Proceedings of 2015 IEEE International
Conference on Computer Vision. Santiago, Chile: IEEE: 1440-
1448 [DOI: 10.1109/ICCV.2015.169 ]

Guo W J. 2021. From manned testing tono safety officers, unmanned
taxis are gradually approaching. Intelligent Connected Vehicles,
(1): 21-25 (34 . 2021, AR E B 242 51 BN 2538
WA TN . BRI, (1): 21-25)

Guo X Y, ShiS'S, Wang X G and Li H S. 2021. LIGA-Stereo: learning

1735



1736

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 6,Jun. 2023

LiDAR geometry aware representations for stereo-based 3D detec-
tor//Proceedings of 2021 IEEE/CVF International Conference on
Computer Vision. Montreal, Canada: IEEE: 3133-3143 [DOI: 10.
1109/1CCV48922.2021.00314 ]

Hong Y, Dai H and Ding Y. 2022. Cross-modality knowledge distillation
network for monocular 3D object detection//Proceedings of the 17th
European Conference on Computer Vision. Tel Aviv, Israel:
Springer: 87-104 [ DOI: 10.1007/978-3-031-20080-9_6 ]

Houston J, Zuidhof G, Bergamini L, Ye Y W, Chen L, Jain A, Omari
S, Lglovikov V and Ondruska P. 2020. One thousand and one
hours: self-driving motion prediction dataset [ EB/OLJ. [2023-01-
01]. https://arxiv.org/pdf/2006.14480.pdf

Ku J, Mozifian M, Lee J, Harakeh A and Waslander S L. 2018. Joint
3D proposal generation and object detection from view aggregation//
Proceedings of 2018 IEEE/RS] International Conference on Intelli-
gent Robots and Systems (IROS). Madrid, Spain: IEEE: 1-8
[DOI: 10.1109/IR0S.2018.8594049 |

Ku J, Pon A D, Walsh S and Waslander S L. 2019a. Improving 3D
object detection for pedestrians with virtual multi-view synthesis ori-
entation estimation//Proceedings of 2019 IEEE/RS]J International
Conference on Intelligent Robots and Systems (IROS). Macau,
China: IEEE: 3459-3466 [DOI: 10.1109/IR0S40897.2019.
8968242 ]

Ku J, Pon A D and Waslander S L. 2019b. Monocular 3D object detec-
tion leveraging accurate proposals and shape reconstruction//Pro-
ceedings of 2019 IEEE/CVFE Conference on Computer Vision and
Pattern Recognition. Long Beach, USA: IEEE: 11859-11868
[DOI: 10.1109/CVPR.2019.01214]

Lang A H, Vora S, Caesar H, Zhou L B, Yang ] and Beijbom O. 2019.
PointPillars: fast encoders for object detection from point clouds//
Proceedings of 2019 IEEE/CVF Conference on Computer Vision
and Pattern Recognition. Long Beach, USA: IEEE: 12689-12697
[DOI: 10.1109/CVPR.2019.01298 ]

Li B'Y, Ouyang W L, Sheng L, Zeng X Y and Wang X G. 2019a.
GS3D: an efficient 3D object detection framework for autonomous
driving//Proceedings of 2019 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Long Beach, USA: IEEE: 1019-
1028 [DOI: 10.1109/CVPR.2019.00111]

LiHR, DuanZ C, MaM J, Chen Y R, Li ] Q and Zhao D B. 2021a.
MVM3Det: a novel method for multi-view monocular 3D detection.
[EB/OL]. [2023-01-01]. https://arxiv.org/pdf/2109.10473.pdf

Li L. 2022. Toyota “defected” to Tesla. Automotive Observer, (4): 14-
15 (3. 2022, 2 11 458" FR 0T AL VUL, (4) 2 14-15)
[DOI: 10.3969/j.issn.1673-145X.2022.04.005 |

Li P L, Chen X Z and Shen S J. 2019b. Stereo R-CNN based 3D object
detection for autonomous driving//Proceedings of 2019 IEEE/CVF
Conference on Computer Vision and Pattern Recognition. Long
Beach, USA: IEEE: 7636-7644 [DOI: 10.1109/CVPR. 2019.
00783]

Li P X, Su S and Zhao H C. 2021b. RTS3D: real-time stereo 3D detec-
tion from 4D feature-consistency embedding space for autonomous
driving. Proceedings of 2021 AAAI Conference on Artificial Intelli-
gence, 35(3): 1930-1939 [DOI: 10.1609/aaai.v35i3.16288 |

Li P X, Zhao H C, Liu P F and Cao F D. 2020. RTM3D: real-time mon-
ocular 3D detection from object keypoints for autonomous driving//
Proceedings of the 16th European Conference on Computer Vision.
Glasgow, UK: Springer: 644-660 [DOI: 10.1007/978-3-030-
58580-8_38]

Liao Y Y, Xie J and Geiger A. 2023. KITTI-360: a novel dataset and
benchmarks for urban scene understanding in 2D and 3D. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
45(3): 3292-3310 [ DOI: 10.1109/TPAMI.2022.3179507

Liu A Z. 2022. Ideal ONE: enhanced by intelligent driving. Intelligent
and Connected Vehicles, (1): 91-93 (Xl /&% . 2022. F4H ONE:
EREZS BT BRI A, (1): 91-:93)

Liu W, Anguelov D, Erhan D, Szegedy C, Reed S, Fu C Y and Berg A
C. 2016. SSD: single shot multibox detector//Proceedings of the
14th European Conference on Computer Vision. Amsterdam, the
Netherlands: Springer: 21-37 [DOI: 10.1007/978-3-319-46448-
0.2]

Liu X P, Xue N and Wu T F. 2022. Learning auxiliary monocular con-
texts helps monocular 3D object detection. Proceedings of 2022
AAAI Conference on Artificial Intelligence, 36 (2) : 1810-1818
[DOI: 10.1609/aaai.v36i2.20074 ]

Liu Y X, Wang L J and Liu M. 2021a. YOLOStereo3D: a step back to
2D for efficient stereo 3D detection//Proceedings of 2021 IEEE
International Conference on Robotics and Automation (ICRA).
Xi'an, China: IEEE: 13018-13024 [DOI: 10.1109/ICRA48506.
2021.9561423 ]

Liu Y X, Yuan Y X and Liu M. 2021b. Ground-aware monocular 3D
object detection for autonomous driving. IEEE Robotics and Auto-
mation Letters, 6 (2) : 919-926 [DOI: 10.1109/LRA. 2021.
3052442 |

Liu Z C, Wu Z Z and Toth R. 2020. SMOKE: single-stage monocular
3D object detection via keypoint estimation//Proceedings of 2020
IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion Workshops. Seattle, USA: IEEE: 4289-4298 [DOI: 10.1109/
CVPRW50498.2020.00506 ]

Lu HH, Chen X S, Zhang G Y, Zhou Q H, Ma Y B and Zhao Y. 2019.
SCANet: spatial-channel attention network for 3D object detection//
Proceedings of 2019 IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP). Brighton, UK: IEEE:
1992-1996 [ DOI: 10.1109/ICASSP.2019.8682746 |

Luo S J, Dai H, Shao L and Ding Y. 2021. M3DSSD: monocular 3D
single stage object detector//Proceedings of 2021 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition. Nashville,
USA: IEEE: 6141-6150 [DOI: 10.1109/CVPR46437.2021.
00608 ]



zs
z=
$28% /E 611 /2023 %6 A

, MZw, FHE, FEFE, B, BkB, RER, AHE, B#
ETEGH B3B3 3D Birk LRk

i HARRFIREDN

MaXZ, WangZ H, Li HJ, Zhang P B, Ouyang W L and Fan X. 2019.
Accurate monocular 3D object detection via color-embedded 3D
reconstruction for autonomous driving//Proceedings of 2019 IEEE/
CVF International Conference on Computer Vision. Seoul, Korea
(South) : IEEE: 6850-6859 [DOI: 10.1109/ICCV.2019.00695 ]

Ma X Z, Zhang Y M, Xu D, Zhou D Z, Yi S, Li H J and Ouyang W L.
2021. Delving into localization errors for monocular 3D object
detection//Proceedings of 2021 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Nashville, USA: IEEE: 4719-
4728 [DOI: 10.1109/CVPR46437.2021.00469 |

Mao J G, Shi S'S, Wang X G and Li H S. 2022. 3D object detection for
autonomous driving: a review and new outlooks [ EB/OL]. [2023-
01-01 1. https://arxiv.org/pdf/2206.09474.pdf

MaoJ G, Xue YJ, NiuMZ, BaiHY, FengJ S, Liang X D, Xu H and
Xu C J. 2021. Voxel transformer for 3D object detection//Proceed-
ings of 2021 IEEE/CVF International Conference on Computer
Vision. Montreal, Canada: IEEE: 3144-3153 [DOI: 10.1109/
1CCV48922.2021.00315 ]

Meng X. 2021. Meng Xing: self-evolution of Didi autonomous driving.
Intelligent and Connected Vehicles, (3): 42-44 (F [ . 2021. &
P - G S A B IRV B REMIBATE, (3): 42-44)

Mousavian A, Anguelov D, Flynn J and Kogeckd J. 2017. 3D bounding
box estimation using deep learning and geometry//Proceedings of
2017 IEEE Conference on Computer Vision and Pattern Recogni-
tion. Honolulu, USA: IEEE: 5632-5640 [DOI: 10.1109/CVPR.
2017.597]

Nabati R and Qi H R. 2021. CenterFusion: center-based radar and cam-
era fusion for 3D object detection//Proceedings of 2021 IEEE/CVF
Winter Conference on Applications of Computer Vision. Waikoloa,
USA: IEEE: 1526-1535 [DOI: 10.1109/WACV48630.2021.
00157]

Novdk L. 2017. Vehicle Detection and Pose Estimation for Autonomous
Driving. Prague: Czech Technical University in Prague

Paperswithcode. 2023a. 3D object detection from stereo images on KITTI
cars moderate [EB/OL]. [2023-01-30]. https://paperswithcode.
com/sota/3d-object-detection-from-stereo-images-on-1

Paperswithcode. 2023b. Monocular 3D object detection on KITTI cars
Moderate [EB/OL]. [2023-01-30]. https:/paperswithcode. com/
sota/monocular-3d-object-detection-on-kitti-cars

Park D, Ambrus R, Guizilini V, Li J and Gaidon A. 2021. Is pseudo-
lidar needed for monocular 3D object detection?//Proceedings of
2021 IEEE/CVF International Conference on Computer Vision.
Montreal, Canada: IEEE: 3122-3132 [ DOI: 10.1109/ICCV48922.
2021.00313 ]

Patil A, Malla S, Gang H and Chen Y T. 2019. The H3D dataset for full-
surround 3D multi-object detection and tracking in crowded urban
scenes//Proceedings of 2019 International Conference on Robotics
and Automation (ICRA). Montreal, Canada: IEEE: 9552-9557
[DOI: 10.1109/ICRA.2019.8793925 |

Peng W L, Pan H, Liu H and Sun Y. 2020. IDA-3D: instance-depth-
aware 3D object detection from stereo vision for autonomous driv-
ing//Proceedings of 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Seattle, USA: IEEE: 13012-
13021 [DOI: 10.1109/CVPR42600.2020.01303 ]

Pony. ai. 2022. Technology [ EB/OL]. [2022-10-26]. https://www. pony.
ai/tech?lang=en (/NES 4T . 2022, #%.0:4K ) [EB/OL]. [2022-
10-26 . https://www.pony.ai/tech?lang=zh

Qi CR, SuH, Mo K and Guibas L J. 2017a. PointNet: deep learning on
point sets for 3D classification and segmentation//Proceedings of
2017 IEEE Conference on Computer Vision and Pattern Recogni-
tion. Honolulu, USA: IEEE: 77-85 [DOI: 10.1109/CVPR.
2017.16]

Qi CR, YiL, SuH and Guibas L J. 2017b. PointNet++: deep hierarchi-
cal feature learning on point sets in a metric space//Proceedings of
the 31st International Conference on Neural Information Processing
Systems. Long Beach, USA: Curran Associates Inc.: 5100-5109

Qian R, Garg D, Wang Y, You Y, Belongie S, Hariharan B, Campbell
M, Weinberger K Q and Chao W L. 2020. End-to-end pseudo-
LiDAR for image-based 3D object detection//Proceedings of 2020
IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion. Seattle, USA: 5880-5889 [DOI: 10.1109/
CVPR42600.2020.00592 ]

Qin C, Wang Y F, Zhang Y C and Yin C L. 2022. 3D object detection

IEEE:

based on extremely sparse laser point cloud and RGB images. Laser
and Optoelectronics Progress, 59(18) : 447-458 (Z i, £ K,
T, BROR BL . 2022, B TSR S HOL S 2 FTRGB B R 1
3D FARKN . JOLS G T2 ERE, 59(18) : 447-458) [DOI:
10.3788/1.0P202259.1828004 |

QinZ Y, Wang J L and Lu Y. 2019a. MonoGRNet: a geometric reason-
ing network for monocular 3D object localization. Proceedings of
the AAAT Conference on Artificial Intelligence, 33(1): 8851-8858
[DOI: 10.1609/aaai.v33i01.33018851

Qin Z Y, Wang J L and Lu Y. 2019b. Triangulation learning network :
from monocular to stereo 3D object detection//Proceedings of 2019
IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion. Long Beach, USA: IEEE: 7607-7615 [DOI: 10.1109/CVPR.
2019.00780]

Reading C, Harakeh A, Chae J and Waslander S L. 2021. Categorical
depth distribution network for monocular 3D object detection//Pro-
ceedings of 2021 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Nashville, USA: IEEE: 8551-8560 [DOI:
10.1109/CVPR46437.2021.00845 |

Redmon J, Divvala S, Girshick R and Farhadi A. 2016. You only look
once: unified, real-time object detection//Proceedings of 2016
IEEE Conference on Computer Vision and Pattern Recognition. Las
Vegas, USA: IEEE: 779-788 [ DOI: 10.1109/CVPR.2016.91 ]

Ren S Q, He KM, Girshick R and Sun J. 2017. Faster R-CNN: towards

real-time object detection with region proposal networks. IEEE

1737


https://www.pony.ai/tech?lang=en
https://paperswithcode.com/sota/monocular-3d-object-detection-on-kitti-cars
https://paperswithcode.com/sota/3d-object-detection-from-stereo-images-on-1

1738

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 6,Jun. 2023

Transactions on Pattern Analysis and Machine Intelligence,
39(6): 1137-1149 [DOI: 10.1109/TPAMI.2016.2577031 ]

Roddick T, Kendall A and Cipolla R. 2018. Orthographic feature trans-
form for monocular 3D object detection [ EB/OL]. [2023-01-01 ].
https://arxiv.org/pdf/1811.08188.pdf

Ruan X G, Yan W J, Huang J and Guo P Y. 2022. Monocular depth
estimation method based on dual-discriminator generative adver-
sarial networks. Journal of Beijing University of Technology,
48(9): 928-934 (Bries, BISCHE, Bk, M . 2022. 2T
I IR T IO 4 A B R BE A A O i L bR Tk R A
%, 48(9): 928-934) [DOI: 10.11936/bjutxh2021050001 ]

Simonelli A, Bulé S R, Porzi L, Ricci E and Kontschieder P. 2020.
Towards generalization across depth for monocular 3D object detec-
tion//Proceedings of the 16th European Conference on Computer
Vision. Glasgow, UK: Springer: 767-782 [DOI: 10.1007/978-3-
030-58542-6_46]

Song X B, Wang P, Zhou D F, Zhu R, Guan C Y, Dai Y C, Su H, Li
H D and Yang R G. 2019. ApolloCar3D: a large 3D car instance
understanding benchmark for autonomous driving//Proceedings of
2019 IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition. Long Beach, USA: IEEE: 5447-5457 [DOI: 10.1109/
CVPR.2019.00560 ]

SuKQ, Yan W Q and Xu J D. 2022. 3D object detection based on multi-
path feature pyramid network for stereo images. Journal of Beijing
University of Aeronautics and Astronautics, 48 (8) : 1487-1494
CIRBLEL, TaI 2T, TRa 7R . 2022, LT SR BG4 2 AR 45AE
B FHEM L 3D HARKG I . b STAL A A K A7 e, 48(8)
1487-1494) [ DOI: 10.13700/j.bh.1001-5965.2021.0525 ]

Sun P, Kretzschmar H, Dotiwalla X, Chouard A, Patnaik V, Tsui P,
Guo J, Zhou Y, Chai Y N, Caine B, Vasudevan V, Han W,
Ngiam J, Zhao H, Timofeev A, Ettinger S, Krivokon M, Gao A,
Joshi A, Zhang Y, Shlens J, Chen Z F and Anguelov D. 2020.
Scalability in perception for autonomous driving: waymo open data-
set//Proceedings of 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Seattle, USA: IEEE: 2443-2451
[DOI: 10.1109/CVPR42600.2020.00252 |

Talpes E, Sarma D D, Venkataramanan G, Bannon P, McGee B, Floer-
ing B, Jalote A, Hsiong C, Arora S, Gorti A and Sachdev G S.
2020. Compute solution for Tesla’ s full self-driving computer.
IEEE Micro, 40(2): 25-35 [DOI: 10.1109/mm.2020.2975764 |

Wang KR, Tan J G, DuQ, Chen L L, Li ] M and Zhang X L. 2020. 3D
object detection based on iterative self-training. Acta Optica
Sinica, 40(9): 133-145 (E R, WEHAE, ik, BRAIR], 455
B, AKRMERR . 2020. 3 TIAAC A 2 AT B9 =48 FARISI . Ot
2E4R, 40(9): 133-145) [DOIL: 10.3788/A0S202040.0915005 |

Wang L, DuL, Ye X Q, Fu Y W, Guo G D, Xue X Y, Feng J F and
Zhang L. 2021a. Depth-conditioned dynamic message propagation
for monocular 3D object detection//Proceedings of 2021 IEEE/CVF

Conference on Computer Vision and Pattern Recognition. Nash-

ville, USA: IEEE: 454-463 [DOI: 10.1109/CVPR46437.2021.
00052]

Wang Q C, Shuai H and Liu Q S. 2022. Monocular accumulated depth
estimation with recursive feature fusion. Journal of Computer-Aided
Design and Computer Graphics, 34(10): 1533-1541 (E&kJ=, i
AU, X5 1. 2022, 38 AR AE LG 50 H IR EE 2RV THRAL
W 5 B 224, 34(10) : 1533-1541) [DOL: 10.3724/
SP.J.1089.2022.19728 ]

Wang Q D, Wang Q K, Cheng K and Liu Z H. 2022. Monocular depth
estimation with enhanced edge. Journal of Huazhong University of
Science and Technology (Natural Science Edition) , 50(3) : 36-42
(CERTE, Tarhh, R, X700, 2022. 34030 2 i 54 H R
BEAfi vt A B R 2 S R (A SRR R0, 50(3) - 36-42)
[DOI: 10.13245/j.hust.220307 ]

Wang T, Zhu X G, Pang ] M and Lin D H. 2021b. FCOS3D: Fully con-
volutional one-stage monocular 3D object detection//Proceedings of
2021 IEEE/CVFE International Conference on Computer Vision
Workshops. Montreal, Canada: IEEE: 913-922 [DOI: 10.1109/
ICCVW54120.2021.00107 ]

Wang Y, Chao W L, Garg D, Hariharan B, Campbell M and Wein-
berger K Q. 2019. Pseudo-LiDAR from visual depth estimation:
bridging the gap in 3D object detection for autonomous driving//Pro-
ceedings of 2019 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Long Beach, USA: IEEE: 8437-8445 [DOI:
10.1109/CVPR.2019.00864 ]

Wang Y, Yang B, Hu R, Liang M and Urtasun R. 2021¢c. PLUMENet:
efficient 3D object detection from stereo images//Proceedings of
2021 IEEE/RS] International Conference on Intelligent Robots and
Systems (IROS). Prague, Czech Republic: IEEE: 3383-3390
[DOI: 10.1109/IROS51168.2021.9635875 |

Wang Y Q and Tao Y. 2022. Research on 3D object detection algorithm
based on binocular vision. Microelectronics and Computer, 39(2) :
1925 (LR, FEE . 2022 £ X0 H P59 = 2 F AR K I 5Y
PAFTE . R S IFEAL, 39(2) 1 19-25) [DOI: 10.19304/j.
issn1000-7180.2021.0730 ]

Weng X S and Kitani K. 2019. Monocular 3D object detection with
pseudo-lidar point cloud//Proceedings of 2019 IEEE/CVF Interna-
tional Conference on Computer Vision Workshop. Seoul, Korea
(South) : IEEE: 857-866 [ DOI: 10.1109/ICCVW.2019.00114 ]

WorldAuto. 2022. 2022 WIDC officially ends-the new HI edition of
Polar Fox Alpha S won two gold awards. WorldAuto, (7) : 60-63
(WorldAuto. 2022. 2022 WIDC 15 7% %5 HJRBT /% 7 S 423 HI
HiR 2R 3R I 44 L YR A, (7): 60-63) [DOI: 10.3969/j.
issn.1005-9008.2022.07.010 ]

Xiang Y, Choi W, Lin Y Q and Savarese S. 2017. Subcategory-aware
convolutional neural networks for object proposals and detection//
Proceedings of 2017 IEEE Winter Conference on Applications of
Computer Vision (WACV). Santa Rosa, USA: IEEE: 924-933
[DOI: 10.1109/WACV.2017.108]



ZsERES

$28% /668 /2023 F£6 A

F, HZ&, FiFE, FE, B0z, Bk, BB, fHE, 8§
ETEGH B3B3 3D Birk LRk

i HARRFIREDN

Xu Q G, Zhong Y Q and Neumann U. 2022. Behind the curtain: learn-
ing occluded shapes for 3D object detection. Proceedings of the
AAAI Conference on Artificial Intelligence, 36 (3) : 2893-2901
[DOL: 10.1609/aaai.v36i3.20194 ]

Xu Q G, Zhou Y, Wang W Y, Qi C R and Anguelov D. 2021. SPG:
unsupervised domain adaptation for 3D object detection via seman-
tic point generation//Proceedings of 2021 IEEE/CVF International
Conference on Computer Vision. Montreal, Canada: IEEE: 15426-
15436 [DOI: 10.1109/1CCV48922.2021.01516 ]

Xu Z B, Zhang W, Ye X Q, Tan X, Yang W, Wen S L, Ding E R,
Meng A J and Huang L S. 2020. ZoomNet: part-aware adaptive
zooming neural network for 3D object detection. Proceedings of the
AAATI Conference on Artificial Intelligence, 34(7) : 12557-12564
[DOI: 10.1609/aaai.v34i07.6945 ]

Yan J, Fang Z J and Gao Y B. 2020. 3D object detection based on
domain attention and dilated convolution. Journal of Image and
Graphics, 25(6): 1221-1234 (J™IH, 75 &%, @K . 2020. &5
BIRABERE T 5 ERNY 3 48 Hbsfail . b [ E L EE
i, 25(6): 1221-1234) [ DOI: 10.11834/jig.190378 ]

Yang BY, Du X P, Fang Y Q, Li PY and Wang Y. 2021. Review of
rigid object pose estimation from a single image. Journal of Image
and Graphics, 26(2): 334-354 (#g#—, FL/NF-, FFik, 25
PH, EBH. 2021, SR IERRIR B RS AT grih . hiE
LA, 26(2) : 334-354) [DOT: 10.11834/jig.200037 ]

Yang H T, Lei L and Lin Y C. 2022. Binocular depth estimation algo-
rithm based on multi-scale attention feature fusion. Laser and Opto-
electronics Progress, 59(18): 259-267 (#p# [, &5, Mok .
2022, T 2 RO R RAE RS B3 H SR BEAG T 0
Hobd 7% g R, 59 (18) : 259-267) [DOI: 10.3788/
LOP202259.1815005

YouY R, Wang Y, Chao W L, Garg D, Pleiss G, Hariharan B, Camp-
bell M and Weinberger K Q. 2020. Pseudo-LiDAR++ : accurate
depth for 3D object detection in autonomous driving [ EB/OL].
[2023-01-01 ]. https:/arxiv.org/pdf/1906.06310.pdf

YuHB, LuoYZ, ShuM, Huo Y Y, YangZ B, Shi Y F, Guo Z L, Li
HY, Hu X, Yuan J R and Nie Z Q. 2022. DAIR-V2X: a large-
scale dataset for vehicle-infrastructure cooperative 3D object detec-
tion//Proceedings of 2022 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. New Orleans, USA: IEEE: 21329-
21338 [DOI: 10.1109/CVPR52688.2022.02067

YuJ X, Zhang M Q and Su Y T. 2021. Three-dimensional vehicle detec-
tion algorithm based on binocular vision. Laser and Optoelectronics
Progress, 58(2): 301-306 (T3, sK3EH, JRE#E . 2021. Jk
TR BE B = A AR N B L WOt SOt T A
58(2): 301-306) [DOI: 10.3788/L.LOP202158.0215004 ]

Zhang C, Ma 'Y X, Wan J W, Xu K and Xu G Q. 2022. Multi-scale mon-
ocular depth estimation network based on channel attention. Journal
of Signal Processing, 38(11): 2332-2341 (5K, Thaesr, J7 s
5, VFRT, BRIEAL . 2022, T 5 38 3 2 Iy AL I 5 F R A

P 5S4, 38(11): 2332-2341) [DOT: 10.16798/j.issn.1003-
0530.2022.11.010]

Zhang J L, Wei M and Wen W. 2022. Monocular depth estimation based
on DSPP. Application Research of Computers, 39 (12) : 3837-
3840 (HK3EM, BUAL, SCt. 2022. LT DSPP 5L B BRI
P LR A ZE, 39(12) : 3837-3840) [DOI: 10.19734/j.
issn.1001-3695.2022.05.0212

Zhang I N, Su Q X, Liu PY, Gu H Q and Wang W. 2020. A monocular
3D target detection network with perspective projection. Robot,
42(3): 278-288 (FRIR T, JRRFA, XUMGE, 420, £ k.
2020. —FHE T BB A F 3D FAbRR M. pLas A, 42
(3): 278-288) [DOI: 10.13973/j.cnki.robot.190221 ]

Zhang Y F, LiY X, Zhao M B, Yu X Y, Zhan Y L and Lin W Y. 2021.
Object distance estimation based on stereo regional disparity regres-
sion. Journal of Image and Graphics, 26(7): 1604-1613 (5K,
A, RWIEE WU, A zole, ARSI . 2021, JR S H
22l A/ B AR B A . P E R EDE R, 26(7) 1 1604-
1613) [DOI: 10.11834/jig.200511 ]

Zhang Y F, Zhang Q J, Zhu Z Y, Hou J H and Yuan Y X. 2022.
GLENet: boosting 3D object detectors with generative label uncer-
tainty estimation [ EB/OL]. [2023-01-01].
https://arxiv.org/pdf/2207.02466.pdf

Zhang Y P, Lu J W and Zhou J. 2021. Objects are different: flexible
monocular 3D object detection//Proceedings of 2021 IEEE/CVF
Conference on Computer Vision and Pattern Recognition. Nash-
ville, USA: IEEE: 3288-3297 [DOI: 10.1109/CVPR46437.2021.
00330]

Zhao H Q, Fang Z ] and Gao Y B. 2019. Prior direction angle estimation
in 3D object detection. Transducer and Microsystem Technologies,
38(6): 35-38 GRAAEIN, J7 2642, #okHE. 2019, =4 BARKLI
ISR AT R SRS, 38(6) : 35-38) [DOI:
10.13873/J.1000-9787(2019)06-0035-04 |

Zhao X, Liang H R and Liang R H. 2019. Combining object detection
and binocular vision for 3D car pose estimation. Journal of
Computer-Aided Design and Computer Graphics, 31(9) : 1518-
1527 (BRI, SR, JroRdE . 2019. 454 B ARKIN 5 % H W4
1 = 2 A S AR . AU B Bt S EE R4, 31(9)
1518-1527) [DOI: 10.3724/SP.J.1089.2019.17625

Zheng W, Tang W L, Jiang L and Fu C W. 2021. SE-SSD: self-
ensembling single-stage object detector from point cloud//Proceed-
ings of 2021 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition. Nashville, USA: IEEE: 14489-14498 [DOI: 10.
1109/CVPR46437.2021.01426 ]

Zhou D K, Tian J and Yang X. 2021. Unsurpervised monocular image
depth estimation based on the prediction of local plane parameters.
Journal of Image and Graphics, 26(1): 165-175 (JK7], H%#E,
Bk . 2021, 45 G Jrifs-F- T 2 S B0 A9 T0 W 0 1 PR G B2 A
P E E R E R, 26(1) : 165-175) [DOT: 10.11834/jig.
200364]

1739



1740

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 6,Jun. 2023

Zhou X Y, Wang D Q and Krihenbiihl P. 2019. Objects as points [ EB/
OL]. [2023-01-01 ]. https://arxiv.org/pdf/1904.07850.pdf

Zhou Y and Tuzel O. 2018. VoxelNet: end-to-end learning for point
cloud based 3D object detection//Proceedings of 2018 IEEE/CVF
Conference on Computer Vision and Pattern Recognition. Salt Lake
City, USA: IEEE: 4490-4499 [ DOI: 10.1109/CVPR.2018.00472 ]

ZhouZ Y, Du L, Ye X Q, Zou Z K, Tan X, Zhang L., Xue X Y and
Feng J F. 2022. SGM3D: stereo guided monocular 3D object detec-
tion. IEEE Robotics and Automation Letters, 7(4): 10478-10485
[DOI: 10.1109/LRA.2022.3191849 ]

EEE N

BRERAE A B ARSI, SRS 1) A R A
S EISR S IR VTN €1 TR = NSNS 8

E-mail; stslxy@mail.sysu.edu.cn

Tttt @ EIER B 2R WA S, ST A
BEARE R TS HLES 2 S AR e AC il

E-mail: shkwei@bjtu.edu.cn

WA 5 AT AR ST 1) 2 3D H AR 3 4t
HH, E-mail: 2020427933@qq.com
WRiF, 55 ARMVE, EEWFTE 5 1 A g
E-mail: 1149007952@qq.com
Wi/ Lo 05 A RS T ) o B AR AS
AARKE . E-mail: 22110091@bjtu.edu.cn

Mok, 5B, B2, FZAEFE 5 18] 9 AT B 73 A 5 4k 38
PUGE A 2805 B i 5 U LS 2] 5L o

E-mail: yhtian@pku.edu.cn

SeE R, I HR, RIS I A R
BEfS BALPE, E-mail: dangjw@mail lzjtu.cn
KRS, 55, 30, R BERESE T o) PR AR BRAN SRR E |
BE2E G AR B4 . E-mail: shujunfu@163.com
RO, T3, Bt , W5 1 R RS S 7K ED s A
WA HT 5 A B 2 RS R AL B

E-mail: yzhao@bjtu.edu.cn

Al T AR .

filiA K 3D

BT Rl



