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Research progress of 3D point cloud analysis methods based on deep learning

Chen Huixian, Wu Yiquan,Zhang Yao

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

Abstract : Point cloud is the most commonly used form of 3D data processing in the fields of autonomous driving, robotics, remote
sensing, augmented reality ( AR), virtual reality ( VR), electric power, architecture, etc. Deep learning methods can not only
handle large-scale data, but also extract features independently. Therefore, point cloud deep learning methods have gradually become
a research hotspot. This article reviews the research progress of 3D point cloud analysis methods based on deep learning in the past
decade. Firstly, the relevant concepts of deep learning for 3D point cloud are presented. Then, for the four tasks of point cloud object
detection and tracking, classification and segmentation, registration and matching, and stitching, the principles of the corresponding
deep learning methods are elaborated. Their advantages and disadvantages are analyzed and compared. Next, eighteen kinds of point
cloud datasets and performance evaluation indexes for four types of point cloud analysis tasks are introduced. The performance
comparison results are given. Finally, the existing problems of point cloud analysis methods are pointed out, and the further research
work is prospected.
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Table 1 The difference between point cloud and image data

el Rz GEE

N x 3 By5ERE, — 17tk —

Hx W x3R5kE, HR

frfip A AECRE N B LW N
T 7

LA

REATE i m SRR 2 PR

i) R AR TR

W % FERAG S S SR B AL

RaWFRITEALT 4 7, il 1 fos,

i
(a) K& (b) R & (c) Pt (d) Bei%
(a) Point cloud (b) Voxel (c) Mesh (d) Projection

F 1 4 F S = RR A

Fig. 1 Four types of point cloud representation
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bro ST IR I AEM B /NS A 2= 3 5 1 BB AOR
B2 SCHR 65 ] 4 i B in b 2 0 28 (%) B0 H b B 025 7 1%
TEYIZRI 73 E 55X e A R g AT R A% 0] U5, B 47 b
5 2] PRI E AR AT 5 B BLRVRAAE S A% S g L H
PRERER
2.3 Z#BHERfit

=GR A TR MR R A B L A B
PIRYFE PR BEYRFR AN SRS, TSR
AR 37 5608 = B B Ror B, 43 R HES) A B A B 1
(' hierarchical
HPLFlowNet) " & F X301 45 B2 I 38 43 A7 3 45 74 1k a4
=, H— AR & NS s, T E AR KK, L
ST e Y S R D 1 ) W )
PRI B i i A 1D DN LY W S R ol e B u
BB — ke — 2L Al IR AT A AR B4
BUIPREFERT R . Ry 1R T AR S R AR 2R 1A AL
e S ARE 6 5 4 % 578 e ( point-voxel recurrent all-pairs
field transforms,PV-RAFT) "8 A4 T SR ZE M G

permutohedral lattice flownet,

T RS RER ARSI IF AR B4 0 - Be YRR AR AR B i i
T FH 20 AL BT R AT BT i 37 SR A T A I, 5
JERSRAFIN AT REAFAE X B, SBR[ 69 ] B2t 1 RS 5
S5 M4 (occlusion guided scene flow network , OGSF-
Net) , B 375 5t MBS R G B ok 2E A7 22 2 Rl 11, M 2%
PR I PERE RS i . S TR N s R FZ B A =
oS ORI, SCHR[ 70 ] 32 Hh T AR Bk — BOMEAL 4R SR T
7% ( neighborhood consistency propagation update method,
NCPUM) J5 2% PRI D FC R AT DAk, 38 2 ¥ 1 B BT
DC IS R 1) A B9 377 5% DA% 7% 20 JR AR R AR A BN 2 A
b B R SRAG T  ER BEAS B AR T
2.4 mBRENSREREAENE

o BB T LR e ink 2 o, 2k T4
SR ZR B9 FUARAS I 7 ik 5 BRI e, A e A5 R B R
BT IR m s W7 B BRI s R R Y — R 51 )
RO BT PR ARSI 75 v DG SREAE T4 35 P ) PRI 28 5 4
R 75232 FRT 2D HARK I R 2%, 5 = H AR ER SR
RERS FE 0 AR = L5 B, © 2208 ¥ A B H AR & e
BZ Hbr, HRZ B A EER, HAMERHRL, X 45
H 2 HFRBRER 7 b il 7 A/ NPk, Bl =483
ST RTS8 D H R = H ARG I 5 B
TER— MR,

3 REHESE

HATE 2002800 HUE 55 2 4 B 1 535 (semantic
segmentation ) SEA] 434 (instance segmentation ) EME
(part segmentation ) Fl14> 5t 43 # ( panoptic segmentation )
T SO F 48 X i 2 R — > R0 A R Y
KA N A H T — N AR (AR REIX
G3TRl— o3 S A T A 23 S0 3 B R AR v S o3 ) i ik
i L R NS I R S DS A R e 2 7 e T
O3 T AR 5, A 20 0 U o ORI R 5 Ry
B IFRER IR S T, R TR A S S oy R
SR FIFI A5 E 4 AT AUREE 2 2 1 35 = 53 284381
Jitks
3.1 EXSE

WA S S WA R R 2, W4 A Tl =
HEET 505 5 = AT

1) TS s 7 vk

iRt G s R ARG m B T AL, H AT
WA Z MR 2 Moy,

(1) HeTZHEMR Ik

B ARLE L S =35 o 2D Mg, SCEk[ 71—
AEL PR YN L5 = e W)U Z A B A 13 3 1) — 4 5]
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Table 2 Comparison of major methods for point cloud object detection task
eS| ik VSIS stk JRBR
ST [20] TSR 1 B R 7% R4 R BT AE R MELURI R B 1 24 AR
éi;t % (23] M SRR AR BETET R SR R TP S P i
PR T (28] ST I R 46 fE 2 ARG B A0k A
% [29] B R B A R R 932 5 ] U ASCHR 1 38 7 7 T NS 43 K Al e 2
HT [33] PointPillars %% 25 P 4 A S B BS2 ) | e p BT K
PointNet  [38] ST RARE WG TS 0 A I LA S5 S T 5T FIRAAHGT S TR
serEn (39 WLk = PR 41 [ TR CHETH T W7 AR B M R
EICRE 0] A SSRGS PN L F 3 f AR5 SR
Eg TR (4] ETEEREEERRMS 3P 27 7 1 A A i 1 S0HE AR P4 2 SR
LM% [42] Pl 2 ¥ 2 24 SRR A T 52 FEAT A AL
- [43] T I ABEBULTHHAE, it 55 TEECR e ANIUBEHCIR 2x Hh B 014
[45] gl WAL T AR 5% Hbr v it TE /NI VAT Dy TS A7 R
sEFa [46] UG 5 B 00 1 ¢ I B A 2 2 B 1 25, K SERWAERE
a-RFE 48] LKL RIEHHE RS TREAE 2T S VAR DAL s RARAILIE] 0K F 56 2
[49] EZViEve T LHASG WA S SRR A S i 1 BN
fi [50]  RERLA I oAl K S ALATIZ ALY T RA A A 24 5 A
{f; HF [54] et Point-GNN Mz SEGEEM AT E = B MEN (5B TS E W IME R
=B [55] BT MKEUERUIMERSEL  fESRiER AR 3D E i 11 7 B
[56]  [RIMAI R AL 05 8 BLAHA W4, BAT T A A R B D B T
[59] AN DR E 1 R LR SCfE 1 3 1 B LR B

B, BAMALZ RS RES B 0 2K BIS R BAFTEE A
R T R A Al X ) A SnapNet:m i 3o 4 B RGB
(red-green-blue ) i [&] U AR B R B A0 AR R i S5y
TR 5 A FCN HEATRRIC, FRRE I SRR ic IR
PG A s ST 2R RN S 0E, TR
T+ SnapNet' ™ (43 EIfE 77, Guerry %5 %3t T Z A
BRI M 2% SnapNet-R, ] LI ST 208 = 4375 42 LY
THEEUG I ROAR A R I L S s, BT R
RITIEATEN (1 1 5 GRS AE R B, SqueezeSeg ™ i i
BRI R ML) LIDAR = Fe A6 R 3% 4R 1) —4E M A%
£ CNN H1 5| A T 4R RfiHL % ( conditional random field,
CRF) FfEA 718 L), 248 CRF 4ifb )5 il e e KK T
XAEENE A%, T SqueezeSeg' ™ X 2 i M 75 IR
SCHRT 75 142 T B i SqueezeSegV2 AR AT {8 B R 3¢
BE MR (context aggregation module, CAM) WAOWEZN
R SCF R B R O R MR R TR B A RS
% B3 SqueezeSegV2 I AT AR A 1R B, 3T
BR[ 76 1@ A LB B 2 R JE 455 A s R
P 22 R MG (75 00 2% 7T LA Ah 3 e 0 SUAR 8 48
TATAFAAT 238 o EIRS RE

(2) FETRZRM Ik

W AR 3D WIS FR , P R Bl 28 2 A T
X 53#], VoxNet! " &I FLA £ (1) = 4 1R B BN %, 7T
SRR A5 DA RO A B S = 5 (R R i s
B8 DO A P21, TSR TR ARG, Sy 1 RRARAA R Ty
BT R ARG T RIS R BT AR
= B #i B% P, FPNN ( field probing based neural
network ) % i TSR I 118 U0 AR I A 2 RRAE TR 4% 1 1
BRI, Gk 791 W 3D 2B M4 gtk R
M R = LA (A LA 0 5Uh R =, PR R 4 )%
B %*}L%(fully connected conditional random fields,
FC-CRF) #k45 3D 4> EIF5%s, PointGrid ™ W 3 F = 4 4
FRIN 2 A B R RS B9TR A e ok 2% 21 R i J LD AR
MRS, 2 EUE 5 I NAFAR N, A, — 28051
& B\ SUR I Kd-tree 25 44 e B AR T H 580 4 AN A7 4 H
OctNet"*" FEF/\ SUR 25 H4 AR B i 2 P P 3 1 = 4t 2
(], Xof v 23 B AL G 0 s mhn e s R, SCHER( 82
P T T Kd-tree 25 [H] R 434544 %) 3DContextNet , BE S
B 2] SRR A AR R SUR EOF R G RHIE, X 2 Fhy
ER I ST FIRCR A (B R RO R %15 5
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BT Z R 53 F T B 45 oy 52 A5 AR FE W S ), A
TEMEPS RIS 22 0], 36 F T /N B B 19 37 5%, S Rk
SR RERAE R A M AR, WG R
WAE I AP TE s A ON R (R, SRR . 3 2 Fif
SR BRI TR A R R R B w1
WD = HE s A B AR TRA3 BIESE N DA LR A
B, IR R S

2) HT IR R s

S SN (IR IE R U It SN I E AR DS
Ao s 5 B R Bl % PointNet' "™ 942 ) Al ik
P 2% (R AN BT HH B T B E IR s s K I, H
J& PointNet AT 7% JEREAN 10 Jry FRRAE 5 22 [B] A AH 56
PR BIFTE N DU Rk 28 [ TR L TR 22 Bl O i, A A
TR B T B e ik 4 26

(1) BETHRHE2=T 0 5k

BIX PointNet Jay #f5 ¢AiF £ BOUAS 1 B9 0] A5 T 2k
o PointNet++"*" {5 Bh 43 2 il BURFAE (14 S8 38 2o 324K
BRI SR X Jeg 8 DX Sl AT R 4 I 3R IRy BB AR,
8 1] PointNet B 2R = IR )ZRHE, BT IR AR 4
SRR R R AEAI AR, SCHR [ 84 ) 1 % T 4R RIMR U
ANAFFFAEAS He ( scale invariant feature transform, SIFT) f)
DR, 38 5 T 1) G A B T AR S Ty 1) b 4 MU T Y
ik, B 22 RUBE R 19 J7 1] Gt B B f S 30 RS AN 8 DL 4
R S AT EDRS B E R TR I, TR AR R SR
(ShapeContextNet , SCN) ™ TUPKE Jy 6 JE2 bR | SCRITR B
L8455 T8I 3 JRA R AL 17 ) iR 7 B R 3k
JRERFI A SRR R . 5 TEE R T AR R s = T Y
BRA, PointWeb® 58 3 [ 3% R 2 fiF I8 4% (adaptive feature
adjustment, AFA) B 27 ] A4S f00F HoAth 5319 52 1 -
T A7 8., I FH 4% B 25 422 1) % 2 2] A% 3 JRy i R 3¢
fER. M TR ARSI 2 7 N A7 & H ) 8, RandLA-
Net'"" R FHBEHLR FE L, 51 AR B T 22 LA {5 8RR 3
SER R IR SR AR ) LS IR e 50 R = 4
X E, R T NKBARRE i 2 vy o) S A R HRAE
SCHR[ 8811431 T SCF-Net, i i 2% 21 B LY 2 FlIERE AS
AR MRS T LT IR 15 5 AR AR BE 25 A 3l 2E 2 Rk b S
FHOE, A GRS R LR SCREZR 6 00GE W 2615
A HRIBOR

(2) BETHEHRITE

T 2 RS 1 R AN XS A CNN #E AT
o PointCNN'™ RE X ~ARHHE P 15 0 25 50He o5 T 5 330
WHS B S = B2 28 R R R AR . T K
B RIIE TV S) Z B A BRI, SCHR[ 90 T4 11 T 24K
AR FUA T A 1 5 BRE A 3 25 1n) 122 [R] (1) S8
PR ) B A RRE . 28T CNN XA [RE R s = 1Y
ZACERE  SCHRT 91 T Bt 1 A Ao T4 s ke i R

23 [8] N 1) 4% 15 4% B (kernel point convolution, KPConv) ,
AR S ED R LB AR A @ 28k, b 1 ik
CNN HYHHERCR, SCHR[ 92 ] 42 4 T B AL CNN 193z 4k, 1
SRS A I R I I | S i NS ]
Pointwise' ™' R 3% 5 5 BUA 124 21 Iy R4S A 00 4
iF, W26 fa7 BAT 4 5 ShellNet ™) U380 5 52 S [0 BR 5% &1l 43
DI NSRS SE A BT , et U5 BT R BURHE
DMRFHBRUCR,, B3] 5 = % B RHIEAR B i T4,
SCHR[ 95 1 HEH T %8 [ B INAUE TR PointConv , fi Hh 2 2 J%
HIBILI 28 R 5% FEAG 257 2 AU R R, SE L TR AR S
AE B R PUS T SCHR[ 96 ] MBI 1 07 )i 5 4
FABT (direction-induced convolution, DIConv) X /& == #f
ATUB AL PR e B 11 Jmy 40 1 s i b 435 B AR A 7 1Y
Jr 1 & zs a], TR B sl Z 8] ] A3 B JLARTARRAE, DL R AT IX.
IR R B XN SRHE . S TR R R R =
KL JRy BB AL, SCHR( 97 1A T 56 T 1 i I HLAR i 1
4% (space self-attention PointNet++, SSA-PointNet ++) , 5
B R SO AR 8 T R T HLH 2 T SR A R AR B
S R T R A A 3 AT R AR RE £

Ty — etk S RN ZE R F B BB A A, X
Bk [ 98 ] AL IUTE Jay 4 IE1 el A5 I 5 AR 45 0 A5 R 0T A
SRR e e 3ok UF) R g Al AR AE TR YT R R R AE
1 ) 1] 5 B B 22 ) 4% (regularized graph convolutional
neural network , RGCNN) "/ W % 55 4 5 10F 00 4 B A5
5 AR RE S A A bR R 2k i 2 IR O 2EAT A BRI
FROE 2% 20 oh 1 o 3% K 45 0 Y il A g ) AR,
DGCNN'' 3 F 31 44 B ( EdgeConv ) 1R 5@ it k 43T
7 XA 0 RN AR B 2 B B R AR AR S R 0
MR B 2 S B U 2% ( graph attention convolution
network , GACNet) " U 25 & 13 8 1 AL Sk 15 Il 45 4
AL ORI SR I I A, T A TR 2T
FERE WA, 70 B IRE E & B4 W4 (hierarchical

depthwise ~ graph  convolutional ~ neural  network,

HDGCN) " 454 DG Conv HUFIZ Uk 2451 oK 412 Ht ] 45 4
TR SR R AN A R R 7 B B R A R I KT A
P BURFAIE P AZ R ME , SCRRL 103 1 51T Al 70 85 B BRE
B R T 3o 3 Rl 45 2R R e R R A A ] A R 2%
e M BLTURRAE B X 5 2 20 0 B & R M R, = 4
K % M 24 (3D graph convolution networks, 3D-
GCN) "™ 51 AT B 7E I 25 v 2 2] B IR R 14 357 7
B, A B P s DRt A L ok i IO G 45 A ) RUBE 9 05 =
FRAE , BCHE B (50 RN 45 TR A 52 e A BRI T e A B B
%2 RO B 1 B 4 FR 4 2 W 2% ( rotation-invariant and
multi-scale feature graph convolutional neural network,
RMGnet) "' P 3D JEARFRAE 5 2 R FRAE [ 4 B
SRS | 1 2203 BRI A S B AN AR Y 23
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(3) FETRMEENTE BEALALS TS BIMTE LA, 73 SRR PR R 1 v 5 % 1B F)

DAl F AR08 = i B i A v . SO-Net ™! il I
H ZH 2L ( self-organizing map, SOM) & i 2 %5 1]
Aii JBy B FRAS KUFD SOM 7 i 43 J2 S BURFAE , 3 2o 55 31|
AT FITERE . i T 284G R B 1Y R il A4 Jey
TEAF L, SCHR[ 107 1153 17 28 T 5009 0 W B B A 346 17 1Y)
#% ( domain adaptation network for point, PointDAN) , I B
T IO T RS R R RS 5, A BRI R R ke 2 )
A JRy AR XS 55, DA 3 3t 1) 5 R BURFAE I 247 1 LAy
F 5 SCHR[ 108 ] DUJAA 1 L i) 42 )y — J= F 4 2 ( global-local
reasoning, GLR) I JCWE W 4% , A [8] 2% 53] ) Jmy 3 e o
4 Jry s Wi 3 e S AR A s (] 5 A BSCHE rh ARG 2
FYTE SUAE L5 SCHR [ 109 ] 2565 W T R AR 2 1 56 773 3
s AL A = ZEXF 1 A a5 %% (3D adversarial autoencoder,
3DAAE) P4 | BE % 75 7 ) 25 ()RR Ak A9 [a] i A= i = 4 9E
AR MISCHR] 110 ] B3t 1 — 4> 2 RUBE X BOC R R AIE 43 1)
M 2% ( multiscale regional relation feature segmentation
network , MS-RRFSegNet) , i FH X 4 ¢ R F51iF i # A B
(regional relation feature reasoning module, RRFRM) H 3fj
2 2 REAE DGR

(4) HETHERAE M 7k

M m AT e S Sy 2 FUE SRR A
JETR B T BRI A 2 B (0 T P2 43 28 A )
R T 25, RE B 7 66 T 8 2 Py el gk Oy 1
FRAT BTN B i BRI R R AU IR SIS s Y
FeARNE, Ry TSRS = AR S AN SRR, s SR A
75 R 4% ( pointwise rotation invariant network, PRIN) 2
ol 0 PR SRR 3 O SR R A R R A L 35K A s g 28 ) R
BEXSERARGE 1y 1) = 2 4 BOME R, STk [ 113 ] i3t 1 —Fh
BET v 3 s Y BRI 738 B AR 22 I 4 A R R — - T
AR KIS T8 0 45 R S AL BR A4, DA A i s o501 3
o7 H A% 5% BB 4k ISR

H T B B AR TG v DR UE ™ 4 1) 25 2 e AN 72 WE Y
INGES S IR R SR = Nl
SRINet" "' BIA T S A FAY I 4 2= 1 A8, 3 4 4]
TE 3R A5 RN SR s A I DA SN — 4 IR 454 s 2 T 05 = 1
L3RS FZ 45 1 A 1 A R AR 4 A 5]
JERE TR AN 5 s AR, 2 B R AIE $ HCRE O A 3] 4
SR, AT B BGE T, — 2y iR e A
RPN SR 116 ] BT T —Fh AT S B R AR
19 8 AT RIConv , i B iE 5% A AR FRAE & LA,
REAS 27 2] I 1 R £y 2 45 08 A 1) e 5 S 72 JUART RRAE 5 1T
ClusterNet' """ %I/\T#%ﬂl‘f‘z%ﬁﬁﬁx/}'ﬁ( rigorous rotation-
invariant, RRI) [5 = FnE 20 i T B IR B+
2 B IR US54 5 SCER [ 118 1 4 T T 3D Jig
AN T RotPredictor £k | B8 LA TE W B 89 5 20K 5 =

ClusterNet ") (1) Jay SRR AE AR e 55 A2 1Y ,SCHR[ 119 ]
i T PR (sorted Gram matrix, SGM) |, iZFE
AT B e AR RE DR AF AR, T L HIVEAS BRI 45 (1 RPAE

BETTARFAIE 27 7 1 7 1k 388 2o ) T 174 ) 4 A ok SRR
SRR R KRR E 5 2R A HE LSS &, e
M3 (R 45 0 #E 42 i SO BIRRE 2 . T B3
MR AN 5 e B = 4k 2 (], il ok B S
TR CNN (1 R0 28 4548, 5 1) 140 6 BRI 2% 04 7
FLTE SO 3K A 7 VT e A e = Y B A
ST E N AERE KIRIRE, TCWE Ty 2 B B i &
SRS (1 5 R A B 3 o D B0 A T 1 S A e S
BURFIE2: ) T SCOrHIPERE E— 2D 40 . BE T e vy
T3 VA S BRI AR R A B 35 T 1k LA B e e AN AR A
SRR ARG 58 e e 2 48 (4 A e, R TT 2 T 1 R s o)
EIUERIPE, 5 PointNet 5/ AH L, 3R 4 Fh 52 &
THZH R BEGE R, #— P 8E T o e
e
3.2 kBI5E

F TG FNAALEL Sy 1 s 2] 30 i S
I3 RANTRIRXS B 52 BIRESEN BL T2 G, RO E
58 2 T DX SR A i X 0 2 o

1) HE Tk DI

Jii 4% JEL S A 2 DXl 94 s e A AR U Y
A i DX, P DX sl P g — 25 T 3 = S0 45

e T R 1 M 4% ( generative shape proposal
network, GSPN) ' Bl 1 M () L8 45 S s @R IR,
e oA e 32 DX I, ) T XIS PointNet 52451 73
EIHEZE (region-based PointNet, R-PointNet) X} 3E25 #4104
PEEAT R, FIER S ZEOAE B UE S FE R
fiE,3D-SIS W45 i i 4 22 N 4524 ) RGB FlS, = 45 1E
B Y B RN 5 AR IR 1 AR S 1 5% R B R ) =
HERIRE AT, S T NI o BB X4
PanopticFusion"'™" 3 i 2 [] B8 A B 2 7% X 4 B X6
ST BTG SUhRIL, 38 R LUK W) R 1) 28 03 b 25
PIREFRIC, R b 3R S 3 ) 5 v s 5 i KRy [R)
3D-BoNet'™' % F % & £ 2 & %0 % ( multi-layer
perception, MLP) X T A7 SE A 647 3D il FEHE T
SRIGTE BT FAE TP AR R A YRR LAE 5 75 5%, I T0
BRI, T 3D-BoNet' ™™ 7 11 FLAE [ml T if I
AR S B A AN R HE AR B B2 ), TP-BoNet ™ 3 3 4% 4
FAEAIN S Z AR & AR AR SR b 5 I AT AL
i) S WA HE A Y 3 B ol 0 2% 58 032 o) R S R
P BRI AR o BEXT ML LIDAR sz, SCHK[ 1257 %
TI T TR S5 3 T vk Al FH %85 4 R E G B R X
TEAL B NIRRT E AL R 3 ), A A R E A T IR
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FUIRFIE R 75, 38 2o 285 8 i 1 1) T 0 S 49 A 2
T U S 4 I I AL B AR 3D-MPA P DIXF 4y
L AR B AR T rh 2z ST R AR SR 5 P P A AR I 26 4
o, (AR &R A 8 DX s TR R T s B 58 L, SR R B R AIE 11
T EARE AR AN A SR %

POTRER BIAR b (9 S bR 2 (H IR T 2 B By
Yk A7k TRA TR A

2) T o f 2 DX Js

BT A M 8 IX I8 D7 v A S 2 DX ARG N A
AL 20 #3825 ( similarity group proposal network,
SGPN) " FI| 1] PointNet 5%, PointNet++4& 8 s 2 (I FHE
IR TEIX 2L i R IEE TSR (LR A R0 1 ) £
P 30 i DX, 738 AR IC Y Al 175 38 S0 bR 2
R T B g G ) T R S AR R 4 1 O B, SBR[ 128 ] 48
T T AR S AR AR 1 S o3 R O v X 5 B XA
A KM BT R LA RIX R R L i, % &
FSCHR[ 128 | P AR 2 BRI 22, SCHR[ 129 ] 07 HI 3
TR R k T BFER G WEF B ¥ =48 CNN 1E
ST 4 A Bl 4t R SRR % bR TR 2 LA 5 L
FHR AT BT WB 3D Sl i A o F85 JEBEX sy
SAG R SCARIC Z 8] Y SCHR M — B a5 LA T 1
fig, 5C I A iE 3¢ JK 53 H] ( associatively segmenting
instances and semantics, ASIS) L1307 17 P 25t 2k ] e 335 A7 A
i S5 S 53 SO S 43 F) S Y SRR
AEFR G 75 21 50 v B 4 1 S0 ), b 4 B4R 55 G AR 52
PUOKS B2 B AR H AR T SCHk [ 131 3883 T —Fh AT 55 2 4
W2 FE TN A5 25 1 SCObR 25 1) (W) 1) B8 8 K A = B 4 oy
e 4 1) O R 28 B ST b R 2 A5 A BE AL S B A
DRAGTE SR SE bR 2 . I Ab , — 26 05 v 15 e RS
TEPE 7 VRS TR 27 S 45 5 R AL T2 91 73 B CR . Sk
[132] 83 T OccuSeg P45, i W 224 552 21 F0 RUEE Ik
AR SRS B 5 A 5 M A R R R R AR 5 &S (] iR
AGEE KT8 5 R VL PAT S B4 #) M PointGroup M
26 USRI 23 Wt DX AR S AT A A O I R
ey SR S 20 A A 1 R 2 7 204315 DyCo3D ™ M 1
SSBIRIEAT 1= S0 53 H) G G by i i T M 4%
X RE S By bR SCHEAT G i o 0 A BE 68 X 0 AN
[Fi) S 431

LT 1% FROARAN  E e M ie DX B, 3 R D
ELJZ 0T G2 300 5L ARG I SR, A S A o3 3 b S A T
G WIS RAT DL T4y R g (H 2 B BT OC 19 0 5E 6
E D,
3.3 FEHoE

TSy BN G AT LSRR 5 R E I 5
filh o EEXFEARA 22 B 53 BT ] 3, SyncSpecCNN i
G ETUFEIN N AR . B TR R B AR

BED SCHR [ 136 ] 3 52 2 (1] 4% 4 fie BRORE B 418 1340 22
TR, S5 A TR AL B Rk, 5 R F ik J7 ik
XIAR I 1 SCRRIC A 1) 43 FRS FE AN 85, Wang 55117 42113
T =42 K 4 5 LW %% ( shape fully convolutional
networks, SFCN) | i@ i3 3 AN JLMAM4R1E FEAT U1 4%, &5 &
P I 43 B 5 D A 43 1 45 4R 5 107 ResSANet ! U1
BET AT T 19 8 4 AN A8 4 UK 2 ) R i LT 45 B
8 A Rl 22 SR R IE R AR T A o B B MERa e, T
AR TR 7 RR A 2 B () 4, PointSpherical ™
Xf AN SR A — S BROB B2 BF SR A 1x 1 CNN $2
IR LR AL, BT A FRAEAE 2 22 b A S 5 2517 F A
oyl

JL A ) A R B T A AR 28 I 26 R S B
B4, — 75 1T 2 igp HR M P R AR 4 L A T A1, 5 — 7 T
BEARX Sy BA AR SR 2 AR 53
3.4 ZF5E

JL AR R RO R s T RN AT R R
SRR DT RS — RN R AR R,
SRR R R R AR, H TR 5 H 5 A R
M A T O FI AN ST o FI AL BT R R R R X
o XA T AR A IR B XR R X 5 2oy
FOEAT 2 F A BT R RLR A TR L

BEXT TR I 5 25 0 B A DL R R R
Sirohi R T A LR S ROHOG R A A 4
(efficient LiDAR panoptic segmentation, EfficientLPS ) 28
g RE TR TR SCRRAE A9 RUBEAS A2 1 3 SOk A T
Mask R-CNN ARG, i et 40 Bl S AR AT 3 52
NG TR R B AR A E B KA i
SRR A R B4R Gasperini 45 AT
BT o BRI TT AL L) 1D, 78 J5 S0 F il DL
BiRix 26 1D /b TSR 5 5 Gasperini 551 (1 S5 1] 3R
275 V5 A [F), Panoptic-PolarNet " 58 1 H% 1, 1 i 141 fi4
A ] 420 SRS A5 50 R AR P 1 1 30 SR ATE )1 2 5
191Kk b 1 FOUIN B B ()AL oy T A 2372 AT 55 X S
R AROREOR B, L 5 S TR T OB R A1
TeAEZ 53R )51k SMAC-Seg , 18 I B 22 1] 11 5 1 R 3
SRA PR, 5 AL BHE T 15 26 B M %
VBN R AERE 5 AR AT X (IR V8 5 Duerr 451 TN
eIt T 2L A5 o BIRE SR 3 5 2R v R R 1 i
PEURFE I S AL R B AL T R A R0 45 255 SRS TR A
FIAR IR PRI F |, A3 E TP AR T O THER
B = LHRAT R R ETES, Yang ™ 4R I8 T —FP 53 JE
ZINRB LR 2T HINL dfth ds h a1 254 7 LA
R B S A AR AL, i A% i i 217 L K W 2% g
BRI AT 22 907 9 B A (E S X /IR A 114 3 8 4
REAT il
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E 444

H BT 253 % 75 B Mask R-CNN 254K LA
I By sk AT 4 50 o, 1 R 0 2 2T 0 bR
28 0 HL 5 2 A T ) S A Sl A M STE T O
SIS E B B GE LA R X G 2 8] X 47
3.5 RafEFEFENG

S AT ERNSL ) 43 BB B 2 ) i K £ %
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Table 3 Comparison of methods for point cloud semantic segmentation task
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Table 4 Comparison of methods for point cloud instance segmentation task
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Table 5 Comparison of main methods for point cloud registration task
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Table 6 Comparison of main methods for point cloud stitching task
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Table 7 Datasets commonly used in point cloud analysis task
VEITE S R 25 MEMEERM AR R 1k
Oakland3D'7® 2009 5 Iy E WHIERE  hip://www. cs. emu. edu/ ~ vmr/ datasets/oakland_3D/ cvpr09/doc/
RGB-D Object! ™ 2011 51 oy P EWNE hitps://rgbd-dataset. cs. washington. edu/
KITTI %] 2012 3 22§§2§?‘ ESI#50  hip.//www. cvlibs. net/datasets/Kitti
ETH! 2012 8 iiﬁgj iﬂﬂfﬁf’" Y PAMEEE hup://projects. asl. ethz. ch/datasets
SUN3D[ 8] 2013 - A EWNGHE hup://sun3D. cs. princeton. edu/
ModelNet"'®! 2015 - RAE R ZF hip://modelnet. cs. princeton. edu/
ShapeNet! 84! 2015 55 SyErEl FodE YAZELE  hitps://shapenet. org/
ShapeNet Part! !5 2016 16 EfE4E YIAFAF  https://cs. stanford. edu/ ~ ericyi/ project_page/ part_annotation/
S3DIs! 1% 2016 13 4y ZEMNPH  hitp://buildingparser. stanford. edu/dataset. html
J— 016 13 Eﬁﬁ%%ﬁ%\ iy s/ europe. naverlabs. com/Research/ Computer-Vision/ Proxy-Virtual-
S sy Worlds/
3DMatch! 4 2017 - BevfE PR EWNHE hitp://3Dmatch. cs. princeton. edu/#rghd-reconstruction-datasets
Semantic3D! % 2017 8 il WA hitp://semantic3D. net/
ScanNet!'® 2017 21 i FEWNFE: hitp://www. scan-net. org/
SemanticKITTI ] 2019 25 4pEyE H3I2%  hip://semantic-kitti. org/
PartNet! ! 2019 24 i ZHh http : //kevinkaixu. net/projects/partnet. html
WHU-TLS[ %] 2020 - Gy B dE EZ http://3s. whu. edu. en/ybs/en/benchmark. htm
nuScenes! *) 2020 23 iiggg HRER, EZ1758  https://nuscenes. org/
Waymo! '] 2020 4 HFRAI S5 REE A3 hips://waymo. com/open/
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Table 8 Performance comparison of point cloud object detection task on KITTI dataset

y ) IR (TUN [SEEED
255 Ik — - - —
TR ERL rh PRI X A HfL thaE ] ¥ fAj o A PRI X
RT3D[ 23.74 19. 14 18. 86 - - - - - -
iy BirdNet?") 40. 99 27.26 25.32 22.04 17. 08 15. 82 43.98 30.25  27.21
ik .
. BirdNet+ 2! 70.14  51.85  50.03  37.99  31.46  29.46  67.38  47.72  42.89
N
- VoxelNet 2! 77.47  65.11 57.73  39.48  33.69  31.51 61.22  48.36  44.37
a SECOND!?! 83.34 7255  65.82  48.96 38.78  34.91  71.33  52.08  45.83
PointPillars'** 82.58  74.31 68.99  51.45  41.92  38.89  77.10  58.65 51.92
PointRCNN 86.96  75.64  70.70  47.98  39.37  36.01 74.96  58.82  52.53
PointNet
STD 3! 87.95  79.71 75.09  42.47  53.29  38.35 78.69  61.59  55.30
JE IR
" - TA-SSD (single) 1% 88.87  80.32  75.10  47.90  41.03  37.98  82.36  66.25 59.70
M
e =kl TANet'®! 84. 39 75.94 68. 82 53.72 44.34 40. 49 75.70 59.44  52.53
‘ PointRGCN ! 85.97 7573 70.60 - - - - - -
P o 225 R 2%
Point-GNN#?/ 88.33  79.47  72.29  51.92  43.77  40.14  78.60  63.48 57.08
]  Fast point R-CNN[%] 85.29  77.40  70.24 - - - - - -
Ha-RE .
PV-RCNN'¥ 90.25  81.43  76.82  52.17  43.29  40.29  52.17  43.29  40.29
MV3DL¥! 74.97  63.63 54.00 - - - - - -
AVODY! 76.39  66.47  60.23  36.10  27.86  25.76  57.19  42.08  38.29
R o
o SCANet"" 79.22  67.13  60.65 - - - - - -
N
-4 PI-RCNN[? 84.37  74.82  70.03 - - - - - -
Frustum PointNets!>’ 82.19  69.79  60.59  50.53 42,15  38.08  72.27  56.12  49.01
PointFusion" > 77.92  63.00  53.27  33.36  28.04  23.38  49.34  29.42  26.98
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Table 9 Performance comparison of different point cloud semantic segmentation methods

. ) ModelNet40 ShapeNet S3DIS Semantic3D KITTI
A s OA/% 0A/% mloU OA/% mloU 0A/% mloU mloU
- MVCNN'7! 90. 1 - - - - - - -
SnapNet! 7! - - - - - 88.6 59.1 -
zaf]f SEGCloud!” - - - - 48.92 - 60. 3 36.78
(L= PointGrid ) 92.0 86. 1 86. 4 - - - - -
3DContextNet ] - - - 84.90 55. 60 - - -
PointNet''®! 89.2 - 83.7 78. 62 47.71 - - 14. 60
PointNet++ %) 91.9 - 85.1 80. 10 54.50 - 63. 1 20. 10
FRAE 2 ) PointWeb!*! 92.3 - - 86.97 60. 28 - - -
RandLA-Net ®”] - - - - - 94. 8 77.4 53.90
SCF-Net!# - - - 88. 40 71. 60 9.7 77.6 -
PointCNN! 9.5 - 84.6 - 65.39 - - -
KPconv!*' 92.9 - 86. 4 - 70. 60 - 74.6 -
Ei ShellNet!**] - - - 87.10 66. 80 - 69. 4 -
Eayial PointConv! 92.5 - 85.7 - - - - -
RGCNN®] 90. 5 - 84.3 - - - - -
DGCNN' 1% 92.2 - 85.1 - - - - -
GACNet! ') - - - 87.79 62. 85 91.9 70.8 -
SO-Net' '] 93. 4 - 84.6 - - - - -
Tl
MS-RRFSegNet '] - - - - - 93.0 72.5 -
JiEfE e SCHK[ 116] 86.5 - 75.5 - - - - -

B ET S AE SemanticKITTI F1 nuScenes 4%
PR T AU PEREXS LAk 10 iz, Hir S A N 25tk
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Table 10 Performance comparison of different point cloud panoptic segmentation methods

WIRES ik PO 20 RQ 5Q PQ™ RQ™ sQ™ PQ* RO™ 50% mloU
S 57.4 63.2 68.7 83.0 53.1 60.5 87.8 60. 5 74.6 79.5 61.4

EfficientLPS 4!
N 59.2 62.8 70.7 82.9 51.8 62.7 80. 6 71.5 84. 1 84.3 69.4
Panoster| !/ S 52.7 59.9 64.1 80.7 49.4 58.5 83.3 55.1 68.2 78.8 59.9
S 54.1 60.7 65.0 81.4 53.3 60. 6 87.2 54.8 68. 1 77.2 59.5

Panoptic—PolarNet[ 142]

N 67.7 71.0 78. 1 86.0 65.2 74.0 87.2 71.9 84.9 83.9 69.3
S 58.9 64.8 69.4 84.0 58.2 64.9 88.9 59.5 72.7 80. 5 66. 8

RangeBird [144]
N 61.2 64.7 72.5 83.8 54.3 64.6 82.5 72.5 84.7 84.8 74.0
FMP-Net!'# N 40.7 46.0 49.1 76.0 26.7 32.2 72.7 64. 1 77.3 81.8 62.3
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Table 11 Performance comparison of different point cloud

registration methods

3DMatch ModelNet40
251 Jrik
RR/% RRE/(°)  RTE/m
3DMatch! 4! 67.0 - -
PPFNet! #! 71.0 - -
HE 3DSmoothNet! ! 78.4 - -
D3Feat! ') 81.6 - -
OMNet! 15 35.9 2.947 0.032
pcp7! - 11.975 0.171
DGR 85.3 - -
b Ed
RPM-Net! ¢/ - 1.712 0.018
PointNetLK ') - 29.725 0.290
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