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Abstract: 3D object detection is a fundamental problem in autonomous driving, virtual reality, robotics, and other
applications. Its goal is to extract the most accurate 3D box characterizing interested targets from the disordered point
clouds, such as the closest 3D box surrounding the pedestrians or vehicles. The target 3D box's location, size, and
orientation are also output. Currently, there are two primary approaches for 3D object detection: (1) pure point cloud
based 3D object detection, in which the point clouds are created by binocular vision, RGB-D camera, and lidar; (2)
fusion-based 3D object detection based on the fusion of image and point cloud. The various representations of 3D
point clouds were introduced. Then representative methods were introduced from three aspects: traditional machine
learning techniques; non-fusion deep learning based algorithms; and multimodal fusion-based deep learning algo-
rithms in progressive relation. The algorithms within and across each category were examined and compared, and the
differences and connections between the various methods were analyzed thoroughly. Finally, remaining challenges of
3D object detection were discussed and explored. And the primary datasets and metrics used in 3D object detection
studies were summarized.
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G FEHE— ST, AR BRI L5 5 Houh
() R E AR, SR B
FELRE /o — 477 R, L/ 5 2 P R B T4
I S R, (ER XA IR T R B A
I PERE  RLIE Lian Q 28 ABSUR T —Fib i o
VR B v SUR TR 22 I 735, 1% v AR
BT RRBGHEL FHEIREE, ARG U R 1
SUBHIE, H3E T —ANBEAE ORI LT RIZI5R, AT
SRFHRCIRG . Sk L, B H 3D R E R A
YMAIRST R IAE S, VR E . R LT 4
MR ARSI . BT HVD RS B, X VR
PLAHERA  H P AR o 5 i

Bk b, HUE 3D R ARG A AT
FORIIE 55 VRBERb T B LTI S AR X ST F o

(2) T ST ) )7 12

XU H SEAR A BL AT LA (R 58 8 0 4E 45 oh B
TR LS B, BRI ST A B 0 7 15 1T AR A3
FNERR R . (HREEE PRI, RaLEY
AR LA ) )7 936 4T 3D HA#K. Chen
X 7 % NOSE A ik /N SE e . HP T SR B AR
JEE 1% B G BT A Rl i B B R S R R, RS R A
Fast R-CNNC S| 944k & A A0 HE . Li P L 45 ALY
TSR SCAR G R R B . B4R 1B SUR LTS
B, BT — R SR A R, 3 I ST AR
YR =Y MR LR, K 3D MR E MRS
RSB LA A, 2 J5 A Roi Align 5% R
P — B ATRHE DR BT A G, BRI LT
Mask R-CNNUUMIZ5 R HEAT S48 S p Tl i T34
FEE A 1 102 25 0 e AR RS 8 7= A 6 A0 B
LIGA-stereo Sy F 5 245 B R 45 5L 5] &
JETSTARRLSE 7, LA 3] B 2 1 LT AE
B, PHERL S AR5 3, — ARSI AR
BRI R, AR S 2 R 3
WIS, R B HE— SOk 403k, @i BEV 4%
TE AR S BR BRI TR, Bkl M B /M 7 Ak P R AE I
Jo FLSE B 1 A R I o O T T B A R A
t1, Peng X D 2 \SWF 5t T IR BE (S B P RS i M A
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5%

R, Ik A R BRI AR, f
) 48 g TR SR 735 1 v 8 U /0 G 1) AR TR B
MITHEFE B R3S A
3.2 ETFT=HBIRMERENTSTE

T A= s RSN, 2D KA
REE P S, FEBEER SRR
UM EE ., —7770% 3D S FV. BEV
22D RIE, FFIH CNN S TAHE ., B —Lk
J7 K 05 e O R B L AR RS R K T 2K
FRE4ER] 2D, HJr K CNN BT 28R, A
e TRV R 2D A . X 3D s m ik
B T IR R O JE T = G B B L 1
%o MIBHIRRMLAROAR, FF =4e5dm 54
(7T 3 — 5 R oy R HE T 2 A E W 7 AR
R T

(D EFZHEM %

2R R IR GRS
B ER B EG . B4E, LiB & ANV S S 3RT
W E, kAR ge il SRJE7E 4k BN —
ANBRLE, I NG FURFAE B 23 42 1 T — 432
MESRA TP R B 5 AT 1] D9 T s X 2% 1) 3a B
WS, 7£ VeloFCN FIFERE F, LMNet*™ % vk fdi i
WA S RN AR 2 AT A .
FV FAE2 AR A, Rk BRI Tk, (2
PR T ARG WU

N TG BV AR RS L, PIXORP M
WS 2 S, SRS R R I AR T
R 5L, 23T BEV MM FERIZR/N T
#, PIXOR 43 T 845 1) B bsk e . A T 3 —
ST T Z W E A RS, HDNET 4k K T
PIXOR (¥ 1T, il 538 45 55 X 3845 /N 26 7 BEV
ARG, SEELT S 4EM R S RS R A
M. BirdNet Ui I a4 2D K 2% 76 1 g & | it
17 2D HARE, 1T M E A REEA
RO TR IE R B 2R, SRR, ZH—1
B S TET BEV FiEMANEE /). BAR BEV
T3 00T ALRRR 2 8] (0 R B A AN AR 1) J LA TS AR,
I B R 05 46 2 M B R i R, (6T N B
LK NRRIRYL, B ERFEE R LA
AFITF G SFE M EREL, Ak, IXFTF TRREM 7
AR BHR

SHP AR R I RAE, LaserNet®™ s & =
BB RV I, BB RE A l—H T, AR5

XF RV RO B IE RN — AR, IRAE
RV Hoxf i FAESAT MR A H. {(HE T RV Bl
HAEAE ROBE AR A AR ) J, X P ik A

(2) BETRREMTTE

T Z BT EA RN, ETRENTT
VR ELF IR L 2 SIS AR e B, s 36
WL R R R Bk . VoxelNet? V& 5 T4A &£ 7715
I bz A, FRmRlah—EBERAER,
PEH T — PR R RHIESRIS (voxel feature extraction,
VFE) 7715, @Dk fURHE S R SRR R I 4 &
ST AR R A AR A, i &£ A VFE
JERTCAZE S BIRRRIE, SREBAE R 3D TRAR(E .,
fEM 8 R 5 2] s INTRARAE S - 7£ VFE LRl Z
b AR BRI A A (AR S A 7 3 HVNet™)
NI/ B 25 ROBE W] DA 3 SRS A0 T LRI,
AL G e S B, A 5 B B HE RIS [H] s 5%
KA 3R RS & & T 58 R IR ARr A0 P R A A £ 4 3
HEE, AN/ MR ERE R ZE, BRIk TR
B R R RHIE 2D 45 #4 Chybrid voxel feature extraction,
HVFE) . HVNet 7£ KITTI $#54E 1) Cyclist 2551 F
RIS TRUF RIS, (BAE Car 250 EATSME T 41 5
=7, AT DS HIX AR 2 REER G 1A =)
77 AT/ AR FEORE A B T LU B AR AR o
VoxelNet £5%F iz u bt 7 BRIk, JR
H13D CNN HJ57 sUERBURFE, {H/2 3D CNN f74E—
AN ) B TR RS S INEE, X2 REE
AR . BRI T80 i S 1A],  SECONDM
HAEER . BRI SR BE SR 3D CNN, /b
WA, feTHe AR,

JYE SECOND F| i s AR Bk 1 ik 271
RPIA D EE R, (H2 5 5 3D BHUKIRAELE,
BERS 7 3 B2 gt — 2542 Tk, 2019 4F, PointPillars®
(R W R 7 IXANMIET, st 7R I gm s 7 2
Pillar. PointPillars H1 3 #7024k, & SeA AR
77 s s Ao mE O EIUR, SRS 2D M2
BEATHRAEA ST, ) fd ) SSDP Skt 474 R HE fy 1]
5, {E#E & SECOND 1) 3 f%.

A FR AIAE A X P Fh s B R = ) 07 RO JE 821
TARSRHE 7 RUFp5EAl, REM TIEFF MR ST
PRE T EAR W G, (BRG0S0 e
o, fREE LR T RS R RE A PR, —
Lo kA S BT RE S R T, AN LA
IR T KEIHE. B2, BTFHREEos
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JZ AT =48 BARRrl, AR REIIR 32 B R 3R
5% 22 (1) R A1) o
3.3 ETRaMAEE

DA b PR 2 T7 5 B Al e b O =X EE 5 N 1)
RHdE, 193] BEV. &R, HESERRE £
3D HAnkz, 1T s R TR R E A A
=, MHBRZARSHMEN, A= REmA
ks A AR B, X SR TT Vo R AT e 2 i PR B 546 A
=HJUATEAR, HAEERRMIEAN 3D Mz

PointNet s 55— 1] DL 21 i b b 2 A5 2= s
IHP 25 2080, RSB TR E W AN T
T R B Aebr, &id— RV 2 EBRANN A
RATRHE GRS, B —> T-Net XPRFEZEAT X 55,
AR MR ERER, RELGEEIA RAE
AN RRHE R, FRR4 AR 1) & S R
HIRFIE A AT RS, PointNet SAAFIH T &AL
HVRFIE S 22 SRR AiE , AH IR R R EBRHE . Rk
B J5 ) PointNet++42 Hi 1 77 R R fEF2 HL Cset
abstraction , SA) M, FHfEH 2 RE 44
( multi-scale grouping, MSG ) H £ 7 # X o H
(multi-resolution grouping, MRG) $ZH{ i 1) Ja &y
fiE, F870 AR T B b i S B AE R

N T N 3D K IIAE (#1982 L, PointRCNNE?
I FE Lo B ARAT B0 R0 5 = A I HE,
I S = WA SRR R M R RE, 4
B8 o FNAF B 0 T 25 B R HE AT 42 IR
155, AHXMT7 & R E AR IETT A, 5
BR, MEAE. ZJEEE XN T Part-A2
Net™, 7870 Fil i B 6 St 4 P AR B N B0 1S R,
DA /D dar DU AE B9 0 4, s ib tH part aware Al
part-aggregation M 2%. Jy | [A]INF AR A R = (1)
L, PV- RCNNPHR T voxel set abstraction
(VSA) #8415, Kimi iR b A R RBE A 2R & H
FREF 2 BB AG T 3D 23 [0), DAOCHE s ER 0,
R RIE FREF B R RE. XSRS
THET R A TR R A A = R E R B
J7a RN EEAN g S 2 RS RG240 &)
Kt N Tk — IR ILHER I E A E S
3DIoUMatch® WAy i i) £ B b ik B 46 2 24 i 3D
N FH B B, AEF AR T — M B e SR
W&y 3D IAHESR LSRG 0 E AL BAR R, IR L
HJEAEN KAEHH] (non-maximum suppression,
NMS) JrikEBpEEHE. T A A 3D B

SCAE R, DisARMICHE T —Fhowl i X 28 HE 42 K 41
WETFHER, tHEARBEHE RIAE, 4
575 [ P B A E FNRHIERE A, RERG A a2
(B ERRAAE, ET4E m H bRl e se . Bz, HT
LiDAR 7] AL a SE R FEAE B, BRI EE T s
3D Rl A B TR T G E .

3.4 ET Transformer BY755%

Transformer™ J& — /> 58 4 4R i (1 VE & S WL
Rt F R B Y, A il R I R A OC R I R
71, Transformer £ H S8 15 5 Ab B AN R A8 45 21
2N HJE, 3T Transformer HIZEH 14 H T 3D
ZHFM . Mao T G 2 NN R T — okt
Transformer N T-# B A4 2% OB AR . B XTR R 1)
MR, R T — PR IR AL A PO AR R
BT, KRS TIHERSCE, FERR R
Kl g o PointFormer™ % [0 & 2 ¥eit t— A
5T Transformer [FET M, FIANERIIETR
WS =R, N Tt — ik 2 REEFR IR Z 8 K
#i5¢ F , PointFormer ¥ J5 U RHIE 5 = 7 HF 2R 1) 42 )R
FROESERAE — S, [R5 NARRRICA IR, 038 T
fRIEAERIAE R . N T AP HBFEEL 3D fRIEAE (1) 4E
fiE, Wang Y 25 NPHR M T — Rk i 2 1 (1
RN, AT RN R A REE BN RE R,
VEZAEEE R FONEA ST T AR RIRE, —
SEFREE Bdem 7R RRE R .

H—F5 52N DETR G @5 3D Hostaih,
DETR3DP* R T —Fh 4 AOR IAE S, 7T LAE
HEFE H 3D FAE, FFHSEEH I 2D FRAEAIHERE H )
3D A5, BT FHRER object queries, HORHBSE R
THERHEE . N T LR R BRI R IR EE A
{5 5., MonoDETR® ¥ VR H 7 — N 243 PRI AS: 1)
%, He HIGENHIERRIRE S| 3 T IS B EHRRHE .
5 MonoDETR #2418, MonoDTRYM5| NI 3 5%
FREBGBREARERL, G MU ZR IR FE A T IR ECANHE
THRIREEEIE R, RE D T Em A,

M2, Transformer FF 3D H b 452
WA, FLeET Transformer )77k T
BT HRMEMEI T, ERXRERE KR,
HAEEUR 26 RAE 55 h R I AR I RE . %
AR 3D AT VE R K5 FE (average
precision, AP) #ATLZRAR, ERWNE 1. Irf
JIVEESIEAE T B 7 KITTI BUE ST TR, ekt
[¥) 3D ToU 43514 0.7+ 0.5 1 0.5, 43 BlEHGHA RS



<16+ BRERLE R M 5%
=1 BLREY) BAEZS 3D M TTETE KITTI 3RS L PR E L E
i ~ J;ifp% 2 GUN SEFESH
E M H E M H E M H
HFSrtk Deep3DBox™) mono. - — — — — — — — — —
AL image
MonoCon™”! —  2250% 16.46% 13.95% 13.10% 8.41%  6.94%  2.80%  1.92%  1.55%
Mono3D! —  253%  231%  231% @ — — — — — —
Mono3D-PLiDAR®") —  176%  71.5% 6.1% — — — — — —
M3Dssp!! —  1751% 11.46% 898%  5.16%  3.87%  3.08%  2.10%  151%  1.58%
MonoRUn!"* 19.65% 12.30% 10.58% 10.88% 6.78%  5.83%  1.01%  0.61%  0.48%
MonoDETR!®! —  25.00% 16.47% 13.58% 33.60% 22.11% 18.60% 28.84% 20.61%  16.38%
MonoDTR!"! 21.99% 1539% 12.73% 1533% 10.18% 8.61%  5.05%  3.27%  3.19%
MonoJSG#®! 24.69% 16.14% 13.64% 11.02% 7.49%  6.41%  545%  321%  2.57%
HFpH  3DOP®! stereo — — — — — — — — — —
image
LIGA-Stereo”®") —  84.92% 67.06% 63.80% 81.39% 64.66% 57.22%  40.46%  30.00% 27.07%
CG-Stereo!'”! —  76.17% 57.82% 54.63% 7439% 53.58% 46.50% 47.40% 30.89% 27.73%
Stereo R-CNN®"! —  4758%  3023% 23.72% — — — — — —
HFLME  VeloFCN® FV 10 — — — — — — —
BirdNet'®”! BEV 9.1 1353% 947%  8.49%  1225% 899%  8.06%  16.63% 10.46% 9.53%
PIXORY? BEV 286 — — — — — — — — —
HDNet*?! BEV 200 82.11% 71.70% 67.08% 50.32% 40.97% 37.87% 77.63% 63.78%  55.89%
LaserNet'*! RV 26.3 — — — — — — — —
HFthE  VoxelNet?!! voxel 20 77.82% 64.17% 57.51% — — — — — —
HVNet!*! voxel 31 — — — — — — — — —
SECOND! voxel 263  84.65% 7596% 68.71% — — — — — —
PointPillars*" pillars  62.0 82.58% 7431%  68.99% 51.45% 41.92% 38.89% 77.10%  58.65%  51.92%
HVPR!™ voxel 36.1  86.38% 77.92% 73.04% 53.47%  43.96%  40.64%
SA-SSDP?! voxel 250 88.75% 79.79%  T4.16% — — — — —
Part-A~21%4 point 125 87.81% 78.49% 73.51% 53.10% 4335% 40.06% 79.17%  63.52%  56.93%
HFHE  PointRCNNPZ point 10 86.96% 75.64% 70.70% 47.98% 3937% 36.01% 74.96%  58.82%  52.53%
VoteNet!'®! point —  — — — — — — — — —
PV RCNNP! point& 12.5  90.25% 81.43%  76.82% 52.17% 43.29% 4029%  78.60% 63.71%  57.65%
voxel
3DSSDH point 250 8836% 79.57% T4.55% 54.64% 44.27% 4023% 82.48% 64.10%  56.90%
LiDAR RCNN[ point —  8597% 7421% 69.18% — — — — — —
3DIoUMatchl®”! point —  760% 31.7%  364%  787%  482%  562%  848%  602%  74.9%
sT3DP! point —  2.94% — — — — — — — —
T DisARM!*! point —  — — — — — _ _ _ _
Transformer VoTr-TSD! " voxel —  89.04% 84.04%  78.68% — — — — — —
PointFormer?®”) point —  87.13% 77.06% 69.25% 50.67% 42.43% 39.60% 75.01% 59.80%  53.99%
CT3DPY point —  87.83% 81.77% 77.16% — — — — — —
DETR3DP! BEV - — — — — — — — — —
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ITNEMBATETR, Bhgh“-" g RATH,
E. M. H 735N & (easy) « 145 (moderate) .
WX (hard)
3.5 IhE

K4 Jers 7 — e AR ) BB TR 2% S 1 3D
FARSIT . Il g 41, AT AREL 2019 45
AR 72 3 B 3 2 AU 2 U S g i e
2019—2021 4, FEFREM = IIHNEBIIE T
Fim, MR EEXPFTTELE 3D B w77 i
15 T AR ST 2021 FF2 )5, BT Rtk
B2 BT, WO PRI, AEANEETRE
LB T ETE 2021 FEFF IR SR B

L1 E/R T IX S R REAE KITTI HR 45 EiY
HEEARERE . 45638 1 T DIUR IS T 5 5 Ao i 5
RURS O EE AR MEREROR, Wl E IR A 45 Bk
B . X — R TR A ER SR B, A etk
AR IEVERUIC, AH L AR 7V 28 B4 T 23 1],
T L H H A0 77 V5 S A Bt R AR A, [
IAE 2021 FLUEW S TR Z ARG T AL
AR i R AR 2R R AR T DA Bl JLART 9% 28 3R BUBE iy 1)
RAE, EMKEAEE. . SR G LR
T LIDAR 773, B, JE TR E AL
TRAMBR T HER ., thRem . SR EEr
MRS Ry . R Bw R T/ES,
Transformer JF461Z T4 N H 2] 3D B Antail 4, Ff
B4R T RIFHRCR .

4 SIRSHENREFIRNEZL

5 RS EIEAR, SRS 52K
AL AR5 B A A AE I, RELAME
B, BRERME. EARTITINA R . BARS L
ARG Mg L agdr i, HENDIAES T
PR IEAT I R R 45 o RO AN [F) A S R S Bt (1 e
] SAR LA, I HLEGAR = B, 1 s =
BHER, RE “HAAEHEER RN, (HR R

TEZEHINZ F 4 S SR AR E R A,
AN TR A G0 i) 35 AT A5 R Rl o) X 26 A5 Y (1) 1 v
PEH T HT Rk

FUIRR G 725y RIHRG . iR
A RERE .. FHR G R IR PR B BT AT Rl
A PTLAOR A AR R A6 B A5 B, (AN AL 2%
KREFBIRAFERAERE, PEERATEE; Kl
Al AR 5, AR E HEAT 20 A 8] )5
B EAT G, X AR 5 G T O 4 R AR — 2
PE, BRI R IR RS R AR R T Rk AT
e, AL o] B A FRRHER RN, BAE
HEMIMNSEIRT, KB FEEHAE S .
B A R A AR T B, R 2 1 S B
NEfR 8 T Bk S . dn MMEUPIRE A iR
R, XA T RS PointPainting! P EEA
& RRG, AR TIRE, M
Rl 77 2. DRI 2 g v B A R s T 1)
IR, A5 BN

KATE S AR T ZHERA IR ] 3D
AR 7%, FBAR 3 AN (1) 2
ARG, B 2RSS AR e N T AR
AR A R () AR, BiskE A
& AR AL LA AR B TR G s (3D e T
e, BIOGIT LA (0 B3 22 M0 VL AT 40 KR o
Wro ZBLASEG IR BE 2% TR 7 V2 () i S
FiR o
4.1 ZBESEEMAEESHR

ERE R RV Z G a7 WALk
EHE, TR A B R AR AR R L R R H A
77

(1) 3D ZMES 4R aEps

XA AT E S 3D A E BEV. FV
B RV BES 42 0WE, K55 4R G EILEH
B N 28 34T HARAS I, 40P 6 (a) s . MV3DP
FEIXAN T EIPER) TAE, B R sl BEV

MV3D ContFusion F-PointNet MVX-Net RoarNet F-ConvNet EPNet ImVoteNetPI-RCNN MoCa PointAugment TransFusion TransFuser

[32] [110] [111] [113]  [114] [12] [117]

[10s]  [18]  [119]  [104] [99] [101]

t t ¢t 1

t t t 4 N B
2017@2018$ * #019¢ ‘ u 2020‘% u *

20214F. * 2025@‘ i ¢;

AVOD PointFusion SCANet LaserNett++ MMF PointPainting 3D-CVF CLOCS Pseudo-LiDAR CenterPoint DeepFusion TokenFusion BEVFusion

[34] [17] [112] [96] [115] [116]

S XHES AR

[118]  [102] [95] [103] [120] [100] [121]

ZEREE e Transformerfli &

5 RS AR LA SR DN T7 VI T
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HHR AR

»| HIRLE
Fitik

g
VLH:_ -
3D H ARHETIN

v RGB#EAI
= |
“HEaE

() SDZME S g mE

Ko MMAGT NI, WEEIGKIGE: (a) MV3D,

A FV 5EE M4, £ BEV Al FV FF 5] 3D RPN
AL, EUEIIFIH 2D CNN B, Zati
b ¥R S, BJ5EEREIE 3D HER 8 TS
P AR ABIBRZEA 3D T HE, HH LT 403t 571
Gt 75, b TR E. N T ME BRI
FRA, AVODPI% 3T FV, HAFIA BEV RIE
ERHIN, FIHBEG &7 53T 2 REEFFAE T,
P T/ BARIIRIASFE . Ak, AVOD HE ki
TIAFHER UM, R gwbs ST P 1 ) 4 A
A2 v FEAE, e P A R T T 50 R0 JE 408 £ i
i, H-PIi GRS mERE, ¥ 24 i1
BN 10 48, RG] T gD PEAERIRUR,
DT EE, RIRCE.

N T AERATEER) 3D I HE, SCANet! A B 4
77 FV K, [FEdEs s NEE LR Z R
FE B ER, 4562 RIEEM4ERER E A 3+
&G B RS AERE . A T SEEL T RS R = 4
2 BRI E AL, ContFuseE 2 RE. Z4LK
X R A BRI ATIR B SR, S e
BEV #l iz FHEHURHE, S8 5B EURRHE T 2 R
FERlG, R AR B S R 2 2] BEV
MK E, itk BEV MEAMUEAR T EALEE R,
WRLE T EBFEE B

() A5 gk ks

PointNet Al PointNet++52 7] UL H A0 H & = 1)
W& gy, KRR LB R A s 5 4R K 3L [E
BN 2, F-PointNets! & 3x AN 77 i) b FF A 1 1)
TAE, SR A 2D Fall g A sl — 4ETINAE, FI bR
SEFERER: —4ETTRE 52 2 3D A, TE— =
YERHELR, SRS AEAHE b T Sl 8], B
PointNet *f 73 % J5 St 47 v, Wi 7 (a) Fr

p9--

|
” feature
B8 indexing[ " Ve 4

RPALE 1]

—r—F

3D H FRHETI

A
=y

(b) R G g aE
(b) MVX-Net

Ne BRIbZAb, X R e A AR VR R
F-PointNets fIIA T ABFRAZH X 2% (T-Net) f# 2 H
HHEIF e A M. T-Net [F/E RS H—A
7 54 B S AN ) A 2 B AR AT P RS L e
JoAERE, T2 SIHTERET LiDAR ) H AR5
EH . RS TAET, f£7EIR % F-PointNets {178
i, PointSIFTSMK SIFT Btk & 22, I
AR 7 45 SRR A M AR IR = 3D A5
Sy EIVERE. SIFRNet! M LA_F w7 At 745 . fil
G TSI T REEAR M, 5 —J7 78 iE
FRIE 3G T EE LS. 5 RIGH) F-PointNets £H
b, IXEETTERAE = NN S EIEUS TR 4
o AREATTHIRE I8 S 52 21 4ER I E 1 e 1 PR

(3) R 4k a s

KR AT E e 3D S iR R ER
AER, 2ES R AEILFERm AL S,
MVX-Net!' "M a4 2tk Z L B EG P L,
FEAE—/NHFRX Ik (region of interest, ROI) , #
FAFFAEBIRS, K ROT A1 AR BN 21 B4 25 B
(") VFE JZAEBMFHER &d, Wk 6 (b) Fiw,
MVX-Net 3G 7 2 BAE S, BRI TR
EMPIEZE . £ MVX-Net HIFERE F, MoCal''9#&
SN T BRI R A Z AP VR, IR T £
BEASEIY) e, BT TR TR
MME BRI EL, 3D-CVF! R 2 S B IR A
IR RRAE A B, 2B R ARRIE IR, R BE S
FROE R A R X Ik i, T BRb, fEEE
JeHREZ R o5 = A A S AE4E, P PointNet
Yt feJa ARG PRRIE PR AR T B 4 B R W 4
B, Wmgt—PEME B ER. B2, Z4ERn
AL B IR AR B
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oE : LT £
e -5 i oum = |
“ R Bt i
. e m
S P 2
Bt g

(@) Ka5 " HEARmMA

(b) SDZ LR SR = Fnip FE & il A

K7 PRAETT AR, WESIHKIGE: (a) F-PointNet, (b) MMF

(4) 3D Z K5 RO B AR E LA

MR BEV 5 FV MK 5, fAER S B
TR, R A D 5 1IN R B USSR b A i
SHRBEEE, WE 7 (b) R, MMFUPHEH T
S AN T B0 ) AR AR AT S HOESE, B
2D WA . HTE A T DA SR FE A4 . MMF B
Je¥ R R B FE 5 RGB ¥4 RGB-D
XN CNN, #25FHE AL 1115 2] BEV AL, 28
Ja R XA TR S, a4 AR, dEICR
{EFIHIEE =4 2D, 3D i FHHE . XFP AL 55177k
515 90 2 W] DUBE G- 2 S RRAER N, BE A AR Bl
FERA I A I 45 5
42 FLERE

TR 4.1 T T 2 ML B3R 1A K 2 o fo
HART, 56 4.2 ¥ A 850 CLUERE IR RS 3E47 il
fro Bt Ab B 5 15 B R A R Ak B 2
g5, YR FERFIE T DLOGTE T 2 14y, Wig
it s RS RRAE R % 2% ) B AR 1) 42 R R AE
WALE . Jria . R Rl AR R R A, K Rk kL
FERI TS AULR 5 Flto

(1) XIkiE (ROI wise)

ROI wise &5t ROT AL 54545, AN RIK
A R E gt Ak, 7E ROT 2 bk AT
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s, kB HFRHER RH, 453 s 5T & )
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(3) G RaEE

o SR U B Al B AN 05 20 LA
fiE, HRAftih 7ok H ERRigs &, HH 2k
ANZYE R A R TE B AR T R s, X
AN R E s 2 T & e 15 B 7 PR g Rl A . 1X

... DEFERN

3D H FRHERII

...............................................................................................................................................................

LiDAR
5 FAEE
5 KE REETHE [Rongfe]»{ BE |-
G
() K B2

(b) R IR

B8 Xigma. REt e TR E



1 Y% 3D HARKM 7 iEmE i gRid + 21

il 77 55 5L FH T F-PointNet!” | F-ConvNet!'"), %
Jeilid BR E TS 2IMMA AL EE B, I
SHMERE 2D 5 BB B = 4E s, AROREE/N T
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AT FRAERT 2D K ER H K, RoarNet!' AR 52
FIFH 2D i FHERIE Rz, TR R R X I A
2RI 2 A A, R T )4 A X g X
BT E, T3 Y= 1 A5 P AFDGT S50 A B A A —
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T MR AR R, HA BN RRH)
FRAE2E 216 77, RIS R A7 76 ™ H A0 00 A A 4
TG UFARG I

TR 2B 3D AN 7 T 35K BE AT 4%
G SR 2. PG 7L #GEAE 1 B J7 KITTI
ITAL 75 %€, BERERY 3D ToU 43 %24 0.7+ 0.5 F1 0.5,
SR ER AT NEM BT EFT R H Re-F.
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FERRESACE . B KN bR R 5 DA
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52 TFNERR
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iR/ RN . FETIXMR R, i 3 52 ih 7
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oU(B,,B,) = :
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s 2 2 mAP = CZAP (11)
Area, =[x =) +( = V) X (5 =X + (s — 3% 5
s, Hrp € BB —N T, AP RRFE i K
e 3D IoU HELEAE 3D A EAN S R S H AP
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