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Fig.3 Comparison of dynamic object segmentation integrating spatial, semantic, and temporal multi-dimensional cues. (al) Spa-

tial features only: pedestrian merged with building (under-segmentation) ; (a2) Integrated multi-dimensional features: pe-
destrian successfully isolated; (b1) Spatial features only: vehicle fragmented into multiple pieces (over-segmentation) ;
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malized score curves of the three criteria with respect to the searched angle in example (c¢)
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Table 1 Performance comparison of typical geometric algorithms for 3D point cloud processing

Method Characteristics Reference

GPF Fast, but assumes planar ground. (6]

Range Image Low complexity; suitable for online processing. [8]

GPR Handles uneven terrain with higher computation. [9]

CSF Few parameters; adaptable to complex terrain. [11]

Euclidean Clustering Simple, but sensitive to thresholds. [13]

DBSCAN Robust to outliers, but inefficient online. [15]

L —shape Fitting Handles partial occlusion, but relies on priors. [21]

FPFH Describes local geometry with pose stability. [22]
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2.2.2  Voxel # % % : SparseConv £ F 5 7T 5 3] # 5 E

AR 2R 2055 38 3 5 AN I 2 0] 43 A D) = A R e R s Bl BB A DA T RS A 4 AR s I O U A
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e, HOIE AR TR th AR R ARAE A RS AR 56 A TR I Sk A S 2 S R A ) A
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5 HLA e 1 25 () n] g B v T B0 00O Y JR O D DL SR i IR H AR 2 ] Y A [R) OC &R BRLIG B 2
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TR B R SRR R RBE R AR RS R PR S /N FAR BB Y S SR Y R B R R A I T vk
S EL AN SRy BR Tl A0 A3 AR SO T R — 20 SC U TR M i SR E 2T 1 o R R O A RE )

BT 5 A R R AR T L ) — SO R BR E E — P RO TR BRAA R . B SRR B 4 B (Focal Sparse
Convolution) 45 ti , # MR 5 4 BV X BT A 0GR R 58— 9 RIREZ B, 8 5 51 AR BT SR IR it 507
B 5 A B 2™ % B A 3 BR AL, ST RE I 58 B AR R BOMR AR Ik o SRl X R TR Kl ok i B i T R
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[ I
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& | RGB Features | i i P
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Fig.6 Schematic diagram of the key modules of Focal Sparse Convolution'
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Point cloud Predictions
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1 [ 1
\ Pillar Index Y wig !
M e e nan. o o e e A O N i Ay T NS -

M7 PointPillars A Pillar % # 2| BEV t [ (4 i % (& £ # "
Fig.7 Overall architecture of PointPillars from pillar encoding to BEV pseudo-image'"’
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2.2.4 Range—view 5 Hybrid & = % #4255 % 2 FTakd
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{H Range 5% 1 237 ok — & BUAE B K, T = 4 5 = 9 4 3 — 47 1, A W] B 25 Ak B bR iy RUEE 22
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TR A 3R [R] B ) A 28 SRR B0 1 25 1) BT SCHESERE ) R A 3R BT 1 Jmy 8 4t 1 [ B8 BB T, DAL I o i
JI Ay S TSRS 0K B 5 SR B EE Ty ) . AR ER DR B 28 R 2% (Point—Voxel Region—based Convo-
lutional Neural Network, PV-RCNN) & H 85 A QR M (19 77 12, 5630 o 7 i 40 3R 45 B I 42 Jm) 23 ] R A1 O
A A 18 X 33 (Region of Interest, Rol), Ffif idf SCHE s 4R 5 il 5 5 Rol Wik 5K W& (Rol-grid pooling) #4755 ¢
W, M S G A 3 3 AR 7E PV-RCNN 45 49 B Hybrid [ 28 2 HE 44 22 8 AT T 16 74
GRS R, A FE A A R InE . (HAAT Ok T R ZE S5 A0 52 A O HE SURFE AT Rol RRAE
RGNS AR o S5 R L

FEUC SR b TR A 28R J7 1k 0 ol i 22 8 DN SR R R AE il B B B R A R AR G R SRR AIE 25 2 RS
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B R ML AT Mamba2 PR 2 23 RS, DLBE 58 JE 25 1A 2809 Jm) 5 AR L 4 Ry R AIE B2 B R T 5 [ B
| Fl Kolmogorov-Arnold M %% (Kolmogorov—Arnold Network , KAN) it #f 5 8 5 R A 22 27, I 2R AR A 1L
KAE 0] (Fuzzy Non-Maximum Suppression, Fuzzy-NMS) i fk J& b B g5 1 X iR & #oRn kB A
TS B T RRAEDFEZ | 002 JF 46 ) RRAE AT O B 2 > Rk 0 Ji5 A 381 P 1) 00 Ak K e
23 KMNEHSINENET R
231 AmHECEREL PO LT &

e AR R A BRI T AR OR KRR S Pillar 5 BEV RS EIFNE & FROR FHL . A
TR 20 P e 2 205 SORE B R LD K, LA B B L FRL B B R G T R AR A DRSBTS S S
P Z 18] ) 22 5%
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A, A VR BB IR 25 5 52 B 16 I 1 R E 45 By =X DA B I Ak A5 B 1) B2 )

55 B B A B, SRR BE O VA B AR R AE 8 A H AR o 28 R SAE T, S P XA 3 A AR
FJG SEAE Hr DY O PR O e o K0t T 3 A SR AT 45 o LR B T ARG I B B i R T RCR B R .
5 [A) i 3326y i R AR 263 R R BR 25 40 BE O 3K R AL R s AL T R AR . AE H AR A IR I W el
FEE S AW S E A S T AR A i BE AN 2 B TR 25 5 B A T A DA B AR DX 43 N 3 A ]
3DSSD ., PointPillars 1 PIXOR 43 548 3 T & & HR 3278 f 5 B3 7R T 09 50 B B A 0 i % O 5 30
ﬁﬁ[SIJG.M]O

Ht #9E 3 (Center—based ) 1] Lk 5 B Bt 5 54 B B 22 11 A o ] B 4 0 HC A P4 o0 KR A 8 E A 286 T
S UL E AR O s 0T B B0 3, B LA RSE R B8 T 1) S5 T e, DA A R AT DS T 5 AR AR Y [ R AR R
B RIS o CenterPoint 23X — 22 7 vk a0 3¢ AR an &l 8 i

)
() H g a | score 0.765
LY =
2 —v = | 3D box
o
§ g —/
? o S
o - o | score 0.436
a o
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- ‘ - \__/ o e/
(c) First stage: (d) Second stage:
(a) Point. cloud (b) Map-view features Centers and 3D boxes Score and 3D boxes

H 8 CenterPoint ¥ & & 40l 5 — W B iF %)
Fig.8 CenterPoint center-based detection and two-stage scoring'*”’

B, M a2l =2 BT SR BURSAE , IR 5640 S IR AE o 55— B Bl o v s g P B
e OO E I HAREE . 56 B Bk — 251 A LoU 51 31 8 15 2% 2, LG i o3 2845 00 5 0 A B i AN
— B R o R AE S L AE A =2k ToU S S ] 2 o] 1B AE R H AR, HoE L (12) s

I,=min (1, max (0, 2+IoU,— 0.5)) (12)
A, 1 3R I HE 5 B AE = 2k ToU WIS 45 2 i BLAF BE B bR . R F 9, 2 A 8 — B ey ~) 81 45 5
AL A B AT T O A5 T, A MR — B Be i o R A5 0 o i — 20 M R 5 — B Be O AR
5 B IoU B A5 BT b A A3 B B 44380, R (13) B -

Q=Y I

Y, = max,—,—x Yp,k

A, Y, R — B b A IR 7 A e A AR LR A T BTN A ToU R B A B LA T
FEM 43 2 EA 5 A R X R e A B I 4y Oy SRR AR T % G R AE AL 5 DT E AR | F 5 R K 1 T
FR T o S o5 W R R AR
2.3.2 HHAEFER 5B L )4 A R4

B A A 3R RIS DU B 140 IR AR B 400 A 25 52 o = 4 ) s A 00 280 SR | 7 Al HE X T 8% v 3 — [
TR . IR VR 22 R AE X 8 R A b A ARG MR i A 5 LSS 2 B B To UM JEAE AR 43
IEREA TAREA TN ZBEFEAS o (H OG5 5 A B ARG G 53 A1 AN 1 60 Jm 350 e 2k 45 ) R, RSl 1 A1 S AE 110
ToU 23k, A1 5 2009 B s S8 A B AR Boe SR w T e A . B, FUREE IoU -4 HEAS R 43, 45
Gy & BN 25 H AR ASUEBG  BF XF 33X — [n] 8T, 550 %0 B FE 48 3% % 77 % (Point Assisted Sample Selection, PASS)
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SIA T HT 8z A W 8RS8 T W ToU.,,,,, JH R #b 70 4 o 4l HEAE A B &, JF ele ik IE SRR A R 43 o ZE AN 1S
AN TR S R A B I R A O R L v R T R E R DR I SRR AR R IR A B R A
Rl 3 AT B I 25 B A IRRE 23 52 e = 2 H ARk I E .
2.3.3  ARARE AR A

Wit R AR — 2 B B 1 )3z o P, = 2 30 SR s oA o 1 8 A ) £ = 4 s AR S B R 2 )
L), 5 eI A L, SR HE AR TR S E B AR O AL E IR R AR T RS ) RS R
PR N A 8 BT o S G2 Ak — [m) L, 3T A R A 9% 120 T DA 4 W BRI e i 8 3] o B s o W B R i
W A AR T AR B A, 3K T A S e N T AR P 0 [ B R R R R DU M R . SC3D X — T Il AR
FTeM: THEZ — i EAE SR AE R WS = 19 BEV P 1L 4 1 — AR S A v 38 3 B 7 05 = SR 6 4 B 4 st
i S B SRS IR 5 ) D A H bR A EEHE GO bR 28 O B A H A A S O S AR A Bl S TR TR A
W 20— AR A AR A PR A 4R s i e B OR s S, DT TE AR AR AR T AR T S8 B S ) 1Y = 48 H AR
R R K UE B Y T = 4k B RS A I BIF 9T Y 56 T B N TR BIR T A ] 35 T A A G T 0 4% A8 40 455 4 ]
F B 28 55 B AT i ) W B =k A A R 2 B

F2 HWMEGRESS =% BRGNS A

Table 2 Performance comparison of typical deep learning methods for 3D object detection

Category Method Main result Reference
Point—based two— stage PointRCNN KITTI val Car 3D AP: 88.88/78.63/77.38 [30]
) KITTI test Car 3D AP: 88.36/79.57/74.55;
Point—based one— stage 3DSSD [31]
25+ FPS
) o KITTI test Car 3D AP: 83.13/73.66/66.20; 20
Sparse voxel convolution SECOND - [32]
z
Focals KITTI val Car 3D AP(R40): 92.32/85.19/
SparseConv enhancement [35]
Conv 82.62; 112 ms
. ) ) KITTI test Car 3D AP: 79.05/74.99/68.30; 62
Pillar and BEV PointPillars [36]
Hz
. ATGA4D Vehicle BEV AP: 85.34; KITTI run-
Range—view LaserNet ) [40]
time: 30 ms
‘ . pPV—
Point—voxel hybrid KITTI test Car 3D AP: 90.25/81.43/76.82 [41]
RCNN
Center— based CenterPoint nuScenes test: 58.0 mAP/65.5 NDS [45]
Sample assignment PASS KITTI val BEV mAP gain: 0.30 - 1.38 [46]
) KITTI test mAP(Mod.) : 64.85; single—click la-
Low— cost annotation SCNet3D bel [47]
els

K2 TARE TS RSP 5 o] = e HARK I T7 ik o R TT A, MR R R LR Pillar 5
BEV %75 \Range-view 378 Fl Hybrid 37 I AN I 1 B 19 P BE b 0 ¢ 2%, T2 72 JLAT 40 35 O) BR L3 55380 A
AR AR S A Oy Y AN TR M o R 3R O R AR R A A (ELAT S48 2% R ) A 3R G AU B v s MR R
A5 BB 9 T 2 H) 45 R AR (E A SR R e 2 52 W I BE B/ H A Pillar 5 BEV J5 ¥ 78 SE I 1 BB BARH,
{EL T3 B2 T 44 2 1) 55 28 ) JLfif 235 ; Range-view J7 2 i A B B2, (H 43052 W /2% A0 208 4 SRR PR B0 5 Hiybrid 5 1%
M HORS RE B R A5 R 52 2% S BUMNER 38 A B o DAL, 5 ik R R I A A F AR RURE 3 SRR e R ) 2
FELREE G K

G TR IE 7 2] I R80T A S8 JUART 7 3k 0 N T 13 01RO 5 9 4981, {EL B — RO B B AP 7R 15 B AN
AR TR AR . I B R F bR s 80D /N S £ B AR R A e B, 8 B A B i D B SO SRR AR
W AE 52 2% Gy s A TS 5 o ) BTG A R RE 62 0 22 o DA AN T LR B 2 L JR SE 0 S 0T iR 51 AMIHLIEN AR,
W EHRTE SUE B S HOLE A= MG B4 6. % 350 RIS UL H I 5 APLELG 7 i R IF e .
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(braE 5 A bR ) —AF 55 850 2 (R 5 43 F a6 ) — B8 1 S #)2 G r 2 181D 7 A AR 3 3k 1 B AR T o
3.2 BMAEM:EESXFRE
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GOF- 18 AR BUE SCRRAE | 38 J2 7E 58— 387K 25 8] E AT 15 B S R A 28 B, L0 £ 02 A% 28 N 4 2 2 T B 28
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A58 A B TR A < R R T T W B JLART B 2 U7 125 (target—based ) , Fifi 5 & Ji 3 R T 3 5 4509 e 3o (5
S Tokr W A b5 T 1k (targetless ) , HdF — 20 i 21 3% 24 2 09 9 2] 35 F b5 2 7715 (learning—based ) .
3.21 A TAREM eI BAR R T ik
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Fig.9 Black-and-white checkerboard extrinsic parameter calibration
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Fig.10 Calibration board-based projection fusion of image and LiDAR point cloud ™. (a) and (b) represent the local point cloud

projection situation; (c¢) and (d) represent the overall point cloud projection situation, where the red points represent the

four projection corners
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Fig.11 O’ LiDAR-Camera extrinsic calibration method calibration process

SRRF T MR BL AR 9 BOL TR IK 5 AUAR R Jr vk AT S 3 | L fof 24 S T FORS J3E A i 45 AL
M e Z2 AR AR Bl S RS e iz AR AT B AR T Br . (HIX 2R 77 108 % 2R N TDHCE AR E RO R IE
NI EZ TR T7 AT BN T8 AR 5 A X, s A S B B RS R s B . s RS B
Gy e SR LA E S BT A SRR B 5 3 AT A TR SR BR | 3 4 Bl S5 SR BIF 5 e 1) ik T 3 B
B JCAR E W) F AR RE J5 ik o7 o) AR LR E o
322 ATHFABM AT %

BE 25 Fil 5 28 0 I S 06 0 05 0 1) L SE B 0 T bR W) 7 IR AR 4R A A B 873 I N R 2
P D7 T A AN 2 2 0 S I, TR A ) A b 7 1 D MR R T KRR T 1] o 355 e A bR T T AR
TARE W, S R A 2 W 3 5 RS AR TE B LA 4580, gk T il g A G i s RS 29 0, Ol
PR SK i HOC T B SAMALZ A S 06 & o o0 B R DL S VR S5k B AN AR B s R A
JLAT a5

HE Zhanyuan 55 A48 7 — i 5 T8k 6 37 55 [ A TU AT R AE (9 806 75 3k 5 A DL TE A 52 AR 1A A o ik
7R B e R o O SR A U T B AL O 22 3 R AN 78 R AIE ZZ 48 (Scale—Invariant Feature
Transform, SIFT) 5 f] WOt BMR AT SURREDC I (B i TSRS E 5 5 afmite, DALt ™ & . K128
IR T ERREVC R A B DR 5 o

PRI 3207 125 2 T 2 MO AR AT < 76 PR A 000 308 o 3 DX 0 45 A T 0 8 R L 2 G T i B A ) DX sy —
LR A Q. TE S 2 M ik 22 Wt B2 R {4 2 50 43 FI RANSAC - i85, I FH AR 45 7 I 14 58 46 19 31 = 4 2R 42
B QW5 B TG S 2045 3D L U NIMAZ 4 S HE LR

p.i=f(KP,) (16)

Horh p, R4 11> 3D L #5%5E BI EMG T T IS MR R A AR, P3RR 5 i > =4k sl , KRR FMINLN S 46 1 . Bl
Jr B B G 5 QR i ABVE BC , I 2 S B3 5k 22 AU iR BT -

J=>" J/F(KRTp)— q.// (17)

0814001-15



Different obstacles

Incorrect point matching

12 BRI E & e s8 % IR R Bl (a) A3 5 AR (b) Bz % EAR A B e 7 Ak 7 & 2 a5 oy 1 a5 4 X8
Fig.12 anmples of incorrect matches in point-feature matching. (a) Real-scene image; (b) point cloud scene; the differently
colored boxes indicate obstacle regions to be aligned
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Fig.13 Point cloud and image matching results in different scenes. (a) Matching result in a normal road environment; (b) match-

ing result in a complex mountainous railway environment
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Fig.14 LiDAR and camera information fusion framework
LSRG B, — BLAN S AR A 22 5 47 b b BRAR 20 55 0 R) V52 8 |, % 328 DX sl O 328 0 ot 2 B 08 R . i FLER AT
TARES Ty 77 AR 2E AR R 06 43 1R 25 25 52 A IS 22 md = JUAT AR B TR I IS 2 0T 98 T 4R 7R AT 55 I 246 1 3
FEAR] 5 ) 06 554 M 5 T2 R B B S R IE S HL
3.3.2 @A ILAME R BRA T ik

Wi & Rl 5 2R GEAE B A PRI 0 T R, B 5 W R IR AR A A S ST 0 TL AT R 5%

FIFA R LLTH BR 52 BRaz A7 v (0 85 o7 1) 8, G 58 6] 26 /N2 2 i B R IR Zh 3 45 o AL AT 55 Gl & O ik T
B9 1AL 2 2] B0 FEAMEEBLE o A5 7 24— 28 RS L A H RE D o

ZHAO Lin 28 AU HEH T 1 5] 40 30 09 30 75 18 5 A% 4 (LiIDAR-Image Fusion for Segmentation,
LIF-Seg) # 2 40 09 8O6 B I -AHHLRL G 15 o RIAESE . ARG By BSOS 8 f R 2 2 LR
ST TR A AR A AR I o X w (3 X 3) R EME bR 30, IF S A 0 AR R [ R RS R AE
ZBE R KRR N

[ pus i 1T =K/T\LL, (22)
o 2 ) AR SRS A ML I O TR IR S BOE R 1 SR IR R R AR, L, R LIDAR S FF IR Ak br . ik
A Sy fife TR 55 I 25 ] 25 S B0 B RS A A7, 78 o 1) B Be T R T S 28 S BUF e AL RRAE 52 LN B s
I TN AR 22 A 7% ok T8 97 4% 52 o 1 52 B O A EAE , T8 X 5 5 0 BURE SCRRAE 5% 31 050 2= 5 L R IE il
B W IE R WL 15,

I 5 7 A0 AR B BRE Rl G R R B A O TR A 4 B A B R 2 R L R AR S R R L =
Lon+ al X Mg SEAT 0040, Horh L, 7537 B S =k o) L, 550 B B B S R e #2735 i i
KU a IR AT AR A U0 A6 43 5P e 5 6 FE R B .

3.3.3 RE MG L LA AEFE BAR A ik

TE 3w )2 AT 55 MG b WF 0 U — 20 DA [ {5 B 0 A B 1) B A2 3 s 1 X 1w B[] A 2, O d X
ZIEE Z T OB 5 F A& FME . LIU Wentao % A 42 H RailFusion 38 B @il & I 2% F T 3D 2k i H b
R, LA ResNet50 Fl VoxelNet 43 5 #& BUE R 5 81 = FRAE IS, 51 A B BURRAE $2 B (Cross—domain Feature Ex-
traction, CDFE) 5 Z #1345 fil &5 (Multi-modal Fusion, MMF ) B ™ 8 #ike . Hidp , CDFE R #0654
B PR TR BE T 5 3 SO 8 T 6 LSRR 7 i 00 380 00 400 400 7 722 ot ik R A AR, DG iR IR 43 3% 5 Rl
BE AR B AT S i AR BB RE ) o [RIE, PR 0 A5 2 () R BEV 15 U BB MIOE R A R R 25 0],

0814001-18



XA A5 O TR Ik = 4 B bR AT 1 F 9 ok

_________________________________________________________________________________

i (st I g (C4]

g L\
=,
=
‘
=}
Ed *Q
B
z
% o
bl I 1
I} 1
) 1
1 1
ainr
g blv |y
{141

: Co Co+ C1 2

| T Back .
: - Projection I
E Fimrzge # F;mage: N x Ci :
e I ....._........._.._.l :
i Offset Learning Stage | Ei O:Nx2 _.

H15 REXIHEFEE
Fig.15 Schematic diagram of the offset learning stage'*’
X AR IR AT G R . FLLIDAR o O3S a8 i F v] 3R 7R
Fiiw = Fige X (Our @i + (1= 0.) * @) (23)
Horp, g RN WO H IR SCRHE , O 5 5 A R 8 i, T AR Z A R 268 TR BAR a9 v 7390
SRR SRR ALE o xRV A T A DO SRS SRR A M N s RRAE HEAT A 5
AT 5 R B A s X H AR TR B AR IERE 1 . MMF W A] A2 T 10 35 0 52 BRAR 3% 90 085 3 X 5% L 4% fie b
SAWEF B AL, KRS LA
DA(Q. P, F )= 2" W[ Al Q- WiF (P4 AP,,) ] (24)

Hor, Q HAWRHE , PR S5 S AL E M R ERE 1B A L B2 2 IR HLA B0 T & I ACE 5350, AP
A A R SRR RS = . BT O — 2 R T 3 R i & 1 # 3 (Convolutional Block Attention Module,
CBAM ) #F 47 1 18 F1 25 8] 48 & 19 20 25 M0 AL, 4 il 5 A T R 0% Fif 37 50 A B AR 28 4k 19 3 07 1 B, DT 2 7+ il 5
TERY A RS BT

X i W] RailFusion Jf 35 & S PR 82 R 5 40 = FR AT, 10 2 38 20 00 A7 B 460 W B T S ilfs SOIAURN 3 385 5 1 28
XS, MR A 2 Ak B o T MR S OGRS AR IE I B AME o RO L R AR B s P IR Y (R LA O
SRR AE S8 — 3R 25 () v by g X pa) 85 28 A8 B, O Wb 3K i 1) 5 07 5 R A e T B B ML L 2 Y AT 2 1% 2 AR il
BRI Jy 2 ) B B Ry ) . 3K 2R U7 R R T L OR B IR — AR ALEL S 1 H AR 2 S8 1R HUR B TP R TR
JE R 0T 22 A ) 52 2% A0 T AR D AT RE 1
34 ENEEDHSEREERE

X =4 H ARSI AR A 00 6 g A5 R BR A5 Ry 22 T 2 TRC 9 RIS IR T 245 SR kS 4 1L A ] R o L
WG T 3k 5 AHPLE B RS 04 B S8 8 A BR TR I 55 4351 45 A 55 8% 2 A 1A B A BRI B o 7 55 L A
(Simultaneous Localization and Mapping, SLAM) H1 . A 5% 5C 3 1Y 4% 0 [B] BUZE T« o A1) FHAS [R) B S A
JUM] a3 52 2 5 2 B B i AR e RS RS AN T R R S S AT 55 AT R S — i s
FHefE

XIA YuZe A48 7 —#h LiDAR - Camera - IMU - GNSS B #8 4 H B} 52 A7 5 Hb & 4 3t (Simultane-
ous Localization and Mapping, SLAM )l & HESE : DL i i 2 RFAE B0 -0 58— P BLRR 31y Bty , 7600 58 — 161
PEF R G 5] AL B A8 (Line Segment Detector, 1L.SD )4k Bt I 28 il 5, [A] I 3806 A5 = 352 2 AR AL
Ap bR ZR ST IR G B, IF A W sh B 6 R F 22 (Bundle Adjustment, BA) AL AL % . 78 #OG-1bE
F ARG, )8 o 5 I & BT (Inertial Measurement Unit, IMU) AL 431 B 45 2 32 sl W A8 1 42 B0h 2%, 1

0814001-19



T oF

358 L E — OGO mT BRAS I A 38 0] 2R PR 1, O 7 S T DR 7 10 R 4 P 1 5 22 8] (incremental Smoothing and
Mapping, iISAM2) % — {4k B I+ (IMU B FR 53 IR | 8136 K F 5 2 3k S 0 T & & 48 (Global Naviga-
tion Satellite System, GNSS) 4 Jay Y 3 K (U r, = pi — pe.) , W ARATF 4 Ja) — BRI A7 LA T 5 SRS B S &
MR, 33X bR MR TR A 5 ARPLRES T AT T IH Y

x3 ABUYAXBZXERINBEHFERSE
Table 3 Summary of typical LIDAR-camera joint perception methods

Category Main result Reference
Target—based calibration High calibration accuracy, but relies on manual targets. [58]
) o Translation RMSE about 0.01 m and rotation RMSE about
Plane — constrained calibration 0.05° [59]

o Accurate with few observations, but the workflow is com-
Model— based calibration | [60]
plex.

o Uses road —line features instead of artificial targets, but de-
Targetless calibration [61]
pends on scene structure.
) o Regresses extrinsic errors automatically, but depends on
Learning— based calibration o [62]
training data.

Uses image proposals and LiDAR geometry for detection and

Projection—based fusion ) [63]
ranging.
o ) Improves mIoU from 76.1 to 78.2, with higher model com-
Misalignment—aware fusion ] [64]
plexity.
Railway feature fusion RailFusion reaches 57.2 mAP and 68.8 NDS. [65]
Tightly coupled mapping Reduces trajectory RMSE compared with LIO—SAM. [66]
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Abstract: LiDAR-based three—dimensional object detection is a key perception task for autonomous
driving, railway intrusion monitoring, and other safety—critical applications. This review aims to clarify the
main technical routes, representative methods, applicable scenarios, and remaining limitations of LiDAR-
based 3D object detection. Instead of treating existing algorithms as a simple chronological sequence, this
paper reorganizes them according to their processing mechanisms and practical constraints. Particular
attention is paid to how different methods handle point cloud sparsity, incomplete object observations,
semantic insufficiency, computational cost, and multimodal alignment errors. The purpose is to provide a
structured reference for method selection, performance interpretation, and future research on reliable 3D
object detection. The reviewed studies are organized into three parts: traditional geometric processing, deep
learning—-based detection, and LiDAR-camera fusion. For traditional methods, the review discusses
ground segmentation, range-image segmentation, Euclidean clustering, density—based clustering,
geometric fitting, and handcrafted descriptors, with emphasis on their roles in candidate generation, noise
suppression, and error control. For deep learning methods, the review analyzes two closely related
aspects: input representation and detection structure. The input representations include point-based
methods, voxel-based sparse convolution, pillar and bird’ s—eye-view representations, range-view
projection, and hybrid point-voxel schemes. The detection structures include two—stage, one-stage, and
center—based paradigms. For multimodal fusion, this review covers calibration-based alignment, targetless
and learning—based self-calibration, projection-guided fusion, misalignment compensation, cross—modal
feature interaction, and tightly coupled mapping. These methods are compared in terms of geometric detail
preservation, feature representation ability, detection accuracy, inference efficiency, robustness, and
deployment complexity. The review shows that traditional geometric methods remain useful when
interpretability, simple implementation, and low computational cost are required. Ground fitting,
clustering, L—shape fitting, and local geometric descriptors can reduce the search space and provide explicit
shape constraints, but their performance is strongly affected by threshold settings, ground assumptions,
target priors, and point density variation. When the scene contains uneven terrain, sparse distant objects,
occlusion, or non—convex structures, errors in early segmentation and clustering are likely to propagate to
bounding—box fitting and classification. Deep learning methods reduce this dependence on handcrafted rules
by integrating point organization, feature extraction, candidate generation, and box regression into
trainable frameworks. Point-based methods preserve fine-grained geometry and avoid discretization loss,
but neighborhood search and local aggregation increase computational burden. Voxel-based sparse
convolution improves spatial regularity and reduces invalid computation in empty regions, but voxel
resolution still affects small-object representation and memory cost. Pillar and BEV methods convert 3D
detection into efficient 2D dense prediction, making them suitable for real-time deployment, although
height compression weakens vertical geometric expression. Range-view methods are compact and fast
because they follow the native scanning form of LiDAR, but they are sensitive to occlusion, scale
variation, and projection distortion. Hybrid methods combine voxel-level context with point-level detail
and often achieve high accuracy, but their pipelines are more complex and harder to deploy. From the
detection—structure perspective, two-stage methods usually provide stronger candidate refinement and
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localization accuracy, one-stage methods offer shorter inference paths and higher efficiency, and center—
based methods reduce anchor matching complexity while maintaining a balance between accuracy and
speed. LiDAR-camera fusion can improve recognition in sparse, distant, or semantically ambiguous scenes
by introducing image texture and semantic cues. However, its effectiveness depends on reliable extrinsic
calibration, temporal synchronization, spatial alignment, and appropriate cross—modal feature weighting.
Misalignment, sensor degradation, or inaccurate semantic projection may introduce additional noise rather
than improve detection. Reliable LiDAR-based 3D object detection cannot be achieved by improving
network accuracy alone. Method selection should be guided by target scale, point cloud density, scene
regularity, computing resources, and system maintenance requirements. For distant sparse targets, small
objects, and occluded objects, future work should strengthen multi-frame information use, scale—adaptive
feature learning, point cloud completion, and uncertainty estimation. For data annotation, low—cost
supervision such as weak supervision, semi—supervised learning, click-level annotation, and cross—domain
self-training deserves further attention. For multimodal systems, future research should focus less on
simply adding fusion modules and more on calibration drift, time synchronization error, modality
degradation, and failure detection. A practical 3D detection system should finally balance accuracy, real-
time performance, robustness, annotation cost, and deployability under real operating conditions.

Key words: LiDAR; point cloud; three-dimensional object detection; deep learning; LiDAR-camera
fusion
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