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Deep learning-based 3D object detection for autonomous driving:
a comprehensive review

WU Yiquan, CAI Jiaqi

(School of Electronic Information Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China)

Abstract: The rapid advancement of autonomous driving technology has increasingly heightened the demands for the
accuracy and real-time performance of vehicle perception systems. 3D Object Detection, as a core component of vehicle
perception systems, is of vital importance for ensuring driving safety and enhancing the driving experience. Firstly, 3D
object detection algorithms are categorized into three types based on the data types acquired by sensors: Visual al-
gorithms encompass subcategories based on 2D and 3D features; LiDAR point cloud algorithms cover grid-based point
clouds, raw point clouds, and hybrid point cloud approaches; multi-sensor-based algorithms are classified based on the
modes of serial and parallel fusion of the network. Accordingly, the features, contributions, and limitations of specific
algorithms are summarized. Subsequently, typical 3D object detection datasets and their evaluation metrics are re-
viewed, and the performance of representative algorithms on different datasets is compared. Finally, the current technic-
al challenges are analyzed, and the future development directions are prospected.

Keywords: autonomous driving; 3D object detection; deep learning; point cloud; multi-sensor fusion; convolutional

neural network; dataset; performance evaluation metrics
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B 52 2 0T IR B T 5 7 S IR AR
B X 3D HAn kAT 55, 3A 3 i BoE 5 7
TR IR A B B | bR S s B AR
G AR EZES . UL KITTI AR R 09 R
PR FEoR RS RS, R B AR, i
FH T 55 1k 42 A5 A0 A f7 BT B PR T A Rl
fiE. 1M nuScenes., Waymo Open 55 £ #  50 H5 4,
G THOLTH IS S Z M AMILE R, JFR R
52 2R IR T A M b 5, A AL BR S A T LS
N 5 AT HERE VAL o Ak, BOIR AR AR bR T
R B A9 225, 41 BEV briE | 3D SLARHERR 4,
S TSI Bk o 2 ] LA i AR R T o
BRI, & 3 £ 5 H s 0 H 3 50 4 2 A VG BE i 4%
A, S S AR VPAL S 1 5 0 A v Y
PR . METEE AN S, R AR THEH
B S B R 15 B T kb

*4 AHBUEETIR
Table 4 List of public data sets

VUGS K& Wz 3DIE 28| AREEREE ARk
KITTI!?! 200KB 12MB 80KB 8 EFN http://www.cvlibs.net/datasets/kitti/raw_data.php
nuScenes!'?%! 14MB 390KB 14MB 23 HKHEIE+FK  hitps:/www.nuscenes.org/nuscenes#download
Waymo Open'™!  [2MB 230KB 12MB 4 HRHEK+FTR https://waymo.com/open/download/
ApolloScape!™  144KB  29KB  70KB 35 B R+ https://apolloscape.auto/scene. html#to_down_href
KAISTU2) 95 KB . . 3 T https://sites.google.cor.n/VieW/complex-urban-dataset/
download-lidar#h.sa42osfdnwst
Cityscapes 3D!'*"! 5KB 0 — 8 EPN https://www.cityscapes-dataset.com/downloads/
Argoverse2!™  27MB 150 KB — 26 HRHEEATR  hitps://www.argoverse.org/av2.html#lidar-link
Lyft L5!'*) 240KB  46KB 13MB 9 FHRHEWE+INK  hitps:/level5.lyft.com/dataset/?source=post_page
DAIR-V2X!??  73KB  73KB 14MB 15 HRHEBAFTR https://thudair.baai.ac.cn/index
PandaSet!"*"! 41KB  16KB — 28  FAIRHRME+FNK  https:/scale.com/resources/download/pandaset
The H3D Dataset!*"! 83 KB 27 KB 1.1 MB 8 - https://usa.honda-ri.com/H3D
STCrowd!'*? 158KB  219KB 219KB 1 FIRHEIE+HR https://github.com/4DVLab/STCrowd.git
SynLiDAR[ — 19482MB  — 32 — https://github.com/xiaoaoran/SynLiDAR

42 HAEEEMGEIEIRIEM
4.2.1 KITTI 248 &t Ge 48 A7 374
KITTI {# I F Y85 % (average precision, AP)

iy i 30 FHEVC AL PR E, V-3 07 m AHABLME: (average
orientation similarity, AOS) F -1 & Fii i) 3D 4
A FAE 5 L SR VENE 22 8] () 7 1) 22 5% o T


http://www.cvlibs.net/datasets/kitti/raw_data.php
https://www.nuscenes.org/nuscenes#download
https://waymo.com/open/download/
https://apolloscape.auto/scene.html#to_down_href
https://sites.google.com/view/complex-urban-dataset/download-lidar#h.sa42osfdnwst
https://sites.google.com/view/complex-urban-dataset/download-lidar#h.sa42osfdnwst
https://sites.google.com/view/complex-urban-dataset/download-lidar#h.sa42osfdnwst
https://sites.google.com/view/complex-urban-dataset/download-lidar#h.sa42osfdnwst
https://sites.google.com/view/complex-urban-dataset/download-lidar#h.sa42osfdnwst
https://sites.google.com/view/complex-urban-dataset/download-lidar#h.sa42osfdnwst
https://sites.google.com/view/complex-urban-dataset/download-lidar#h.sa42osfdnwst
https://sites.google.com/view/complex-urban-dataset/download-lidar#h.sa42osfdnwst
https://www.cityscapes-dataset.com/downloads/
https://www.cityscapes-dataset.com/downloads/
https://www.cityscapes-dataset.com/downloads/
https://www.argoverse.org/av2.html#lidar-link
https://www.argoverse.org/av2.html#lidar-link
https://www.argoverse.org/av2.html#lidar-link
https://level5.lyft.com/dataset/?source=post_page
https://thudair.baai.ac.cn/index
https://scale.com/resources/download/pandaset
https://usa.honda-ri.com/H3D
https://usa.honda-ri.com/H3D
https://usa.honda-ri.com/H3D
https://github.com/4DVLab/STCrowd.git
https://github.com/xiaoaoran/SynLiDAR
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(1) 3D i BHHE 5 B SEAR T HE 1) 28 I EE (intersection
over inion, IoU) F1 3D [H{H # 17 [L 4L, #7 IoU KT
A8, DU B FHYE (true positive, TP), 75 W 4 & FH
% (false positive, FP). & iH 54562 P A4 1
R, BRI E AN

N
p=-_-"™
Nrp + Npp
N
R= TP
Nrp + Npy

s N By ELPHMERE AR, N R R PHAERE AL,
N F A8 B PERE A . R B0 R I L T B S I F
ATE 53 2200 R 1 IE AR A PTG e, A
R 7R W IE B 4 28 SR I ) A RE AR BT A SE PR OE
(IR = N N e 0 = R A B o A e
it A [ ARG A 238 B, AN 33 47 3 AL AT 5 26 1)
TR IE B ) ToU #8 1F 50% . 4528 1) 5K GE 41l 1
ToU # it 70% %5, 4% B ok 11 5 40 B (4 4 1 R -

1 M 2k, SR 5 8 A X sk 2 i 4 AT AL, T
BV R EE . PR 5 m A LPE (AOS) THEA
B2 WS

SAozll—l Z maxs(R)

R:R>R
re{0,0.1,-,1}

A RFR A WA, RS RT, J5 AR
s € [0, BN TE & Fr 3 B AE A 5 ground truth 4%
SEEE B R IH —Ak, Ha Ay
1 1 +cosA4
“mﬂmmiz > 0

i€D(R)

Horp: D(R)F/RTEG B35 R T Fr A B0 1E R A
WIS, A9 Fon B bR i w00 A 5 B Z B
25 AT HET] 24K DU ) W) — A EA, QR
K Hbr i & VCEC S BAH, Wi Es =1, &0
§:=0, K54 TAFBELE KITTL k4L I
)G 0 4 B

K5 FEEEEKITTI BIiFE RSN L

Table 5 Detection performance of different algorithms on KITTI validation set %

AP (I0U=0.5)

APy (I0U=0.7)

e ik . ‘ — — :
T 2R g IRl HES g K] X
MF3DB7 55.02 36.73 31.27 22.03 13.63 11.60
M3DSSD ! — — — 34.51 26.20 23.40
Mono
MonoPair"" 61.06 47.63 41.92 24.12 18.17 15.76
MonoDTRE* 69.04 52.47 45.90 33.33 25.35 21.68
3DOP!™! 55.04 41.25 34.55 12.63 9.49 7.59
TLNet ! 62.46 45.99 41.92 29.22 21.88 18.83
Stereo
Pseudo-LiDAR™! 89.80 77.60 68.20 72.80 51.80 44.00
CG-Stereo!*” 97.04 88.58 80.34 87.31 68.69 65.80
View-based VeloFCNP2 79.68 63.82 62.80 40.14 32.08 30.47
VoxelNet™ — — — 89.60 84.81 78.57
SECONDP — — — 89.96 87.07 79.66
Voxel-based
Voxel-FPN[®% — — — 90.20 87.92 86.27
CIA-SSD®! — — — — — —
STD!" — — — 90.50 88.50 88.10
Point-based
PC-RGNN — — — — — —
MV3DP4 — — — 86.55 78.10 76.67
AVODY 88.53 83.79 77.90 — — —
2RI F-PointNets® — — — 88.16 84.02 76.44
F-ConvNet"”! — — — 90.23 88.79 86.84

SFD[IOO]




«310 ¢ B R & ¥ %214
gks
- ik AP;(IoU=0.5)/% AP;(IoU=0.7)/%
fi B &g R fij B thég PRI #fe
MF3DE7) 47.88 29.48 26.44 10.53 5.96 5.39
M3DSSD ! — — — 27.77 21.67 18.28
Mono .
MonoPair'*") 55.38 42.39 37.99 16.28 12.30 10.42
MonoDTRP! 64.03 47.32 4220 24.52 18.57 15.51
3DOP!! 46.04 34.63 30.09 6.55 5.07 4.10
TLNet!"® 59.51 43.71 37.99 18.15 14.26 13.72
Stereo Pseudo-LiDAR!! 89.50 75.50 66.30 59.40 39.80 33.50
CG-Stereo®! 90.58 87.01 79.76 76.17 57.82 54.63
View-based VeloFCNE2 67.92 57.57 52.56 15.20 13.66 15.98
VoxelNet!™ — — — 81.97 65.46 62.85
SECOND — — — 87.43 76.48 69.10
Voxel-based
Voxel-FPNI®] — — — 88.27 77.86 75.84
CIA-SSD* — — — 90.04 79.81 78.80
_ STD" — — — 89.70 79.80 79.30
Point-based PC-RGNN™I — — — 90.94 81.43 80.45
MV3D¥ — — — 71.29 62.68 56.56
AVODY? 81.94 71.88 66.38 — — —
2RI F-PointNets® — — — 83.76 70.92 63.65
F-ConvNet"”) — — — 89.02 78.80 77.09
SFD!' — — — 95.47 88.56 85.74

4.2.2 nuScenes 3% & M fE 48 AR

75 fd JH nuScenes 45 4 #17 3D H b A il
iF, A AP AR N PF A8 45, H 5 KITTL AN [A] 1)
&, AP 1Y B (E DE B AN ToU Sk iH58, T2 HIAE
B bR d ORI . X B
TR RSE R 7 1 % AP TR . 7RI
AP B, R T 0.1 (9 A ] 32 RS B 23 XA
0 FRHF, AT AR AR ik 26 56 43 M 75 () 52w . o 1Y B
EIE RN (0.5, 1, 2, 43m, W n] 45 21 250K B X6
( mean average precision, mAP ), TT5 A A

1
Poa= mzzpm

ceC deD

A CRREARE T IrA M BER2EH], D KR H
TUCHEC EH R 2 i B s o BB B I EE S .

H T mAP {05 & T A FEHER OB A5 B, A
F5 RS Ry ), L nuScenes i8 1% 3 T — R 5119
2, AR 1) P8R 2% (average transla-
tion error, ATE), +& 2D Rk JL B {8 rf0h B 5, B
A m; 2) ) RBE R 2 (average scale error, ASE),
Je 11y, o 1oy 72 M1 BEXT 55 )5 9 3D 22 JF 1
3) F-#4 & 12 2% (average orientation error, AOE),
2 O R L S 2 TR e /N B D A AR 25, TR
) £ BE O 25 HRAE 360°04, BR T BEATH X A4~ 20
(1 #7525 76 180° 14 5 4) V- Y4 3 i 13 2% (average
velocity error, AVE), j& 2D # & 2 L, yu41;

5) F-¥)JE MR 22 (average attribute error, AAE), iE
SR 1A, Forb A R 285 FERE B o

X R AN TE R A B A, T A R
TE ARSI 2 B AR R AE Pore THHRAKN

PmT: ] ZP('

ﬁ ceC
% T mAP %}, nuScenes b & H T — 448 #n
NDS, 48t fli H P 115, R AKX N
L 5Pt 32 (= min(1, Py

10 P, r€TP
NDS —2f JEF R W B (mAP), 1fif 5 — 2
TR RE AR 7 B RN T T e R
TR R 5 B (ATE. ASE, AOE, AVE, AAE), % 6
25 T ASR)EELE nuScenes MREE 4G I 14 BE .
&R 6 A EE X7 nuScenes K & §9HE M AE

Table 6 Detection performance of different algorithms on
%

SND

the nuScenes test set

By Jiik mAP NDS
Mono DistillBEVF® 52.5 61.2
Point-based SASAS] 45.0 61.0
Voxel-based Voxelnext!*] 56.5 64.5
PointPainting®”! 46.4 58.1

R SparseFu?ion“‘m 73.8 72.0
BEVFusion!"! 69.2 71.8

CRNI 57.5 62.4
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4.2.3 Waymo Open #% 3% & 1+ 47
1€ 3D Hpnka 4T 55 ', Waymo Open (¥ 4
() ) 5 TR AR SR A AR B2 1 AP, ANt sgn 17—
15 05 W {5 B APH, £ % 25T B 46 1 2%
IR AKX N
P = 100 L‘ max{A(R)|R > R}dR
A R A IR h(R)YZEML PR Y p (R), (B7ERE:

A T — A, By =20 =00

T
OFN 643 ) & 7 U ) 7 1) £ AN EAE Dy ) ff o 3R 7
of Y — B AR R M B 7 Waymo Open 508545 1Y
3D HFrA il PERE -
ﬂ\]ﬁﬁ%i&@ﬂ?ﬁﬂ%@f%%‘ﬁ% 5, Kl 8

W8

5T JLRh 7 ¥ AE KITTI 5 nuScenes £038 42 1
FEPERT LLZE SR, LR FE A% i e R A o
R 7 ABEE X7 Waymo Open 3L I 14 &8

Table 7 Detection performance of different algorithms on

Waymo Open Datast validation set %
el y LEVEL |  LEVEL 2
* ik mAP/mAPH mAP/mAPH
View- based H3D R-CNNB 7515/ — 66.14/—
Point- based ~ IA-SSDU" 70.53/69.67  61.55/60.80
Voxel-based SECOND™  7227/71.69  63.85/63.33
oxel-bpase
Ada3D'* 78.66/78.21  69.98/69.57
Point-Voxel-  py ReNNEI 77.51/76.89  68.98/68.41
based
ZAGF4F  DeepFusion'™  81.89/80.48  76.91/75.54

(b) VirConv-T!"*! 7 nuScenes $Ji4E H 5 PVConvNet!* 45

B8 BiEIE %7 KITTI 1 nuScenes £ 1E & R E X EE

Fig. 8 Qualitative comparison of representative algorithms on KITTI and nuScenes datasets
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