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Survey on Large Scale3D Point Cloud Processing Using Deep Learning

WANG Zhen-Yan, SUN Hong-Yan, SUN Xiao-Peng
(Department of Computer and Information Technology, Liaoning Normal University, Dalian 116029, China)

Abstract: With the rapid development of 3D vision, large-scale 3D point cloud processing in real time based on deep
learning has become a research hotspot. Taking a large-scale 3D point cloud with disordered spatial distribution as the
background, this study comprehensively analyzes, introduces and compares the latest progress of deep learning in real-
time processing of 3D vision problems. Then, it analyzes in detail and compares the advantages and disadvantages of
algorithms in terms of point cloud segmentation, shape classification and target detection. Further, itbriefly introduces the
common data sets of point clouds and compares the algorithm performance of different data sets. Finally; the study points
out the future research direction of 3D point cloud processing based on deep learning.
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M2 (self-organizing network, SO-Net)!'”, DL [ ZH 41
W&} (self-organizing map, SOM) L 5 2 A 25 8] 434,
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2021 4, Chen 54 t 2 T B & 7 1) s 42
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22 HEREHE
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DAL 2 R RIS (multilayer perceptron, MLP) #2H)
5 AL FEH HE Y, 25 T EHBEMI (conditional
random field, CRF) ﬂ%ﬁ | %ﬁ%

2021 4, Guo 22 Transformer (13 R, TS
Transformer $ t 970 £ 2 % STHE2 5 2 Transformer
(point cloud Transformer, PCT)!'Y. 1% 774 I JR GG AL
B Y B A RN, FE T N RN AR R AR ] X 43
fiE. Aok B B B 20 SR L AR A B 1
PCT ] FH AR R N SRl sk s RN

TEF Ay EId, SCHR [22] 2 HE AT A0 2 = 4k
ToF RER IR FE 2 ] W 5 SCHR [23] 42t 2 i ) 42
H IR M DR &) RURFE IR R SCHR [24) B2 T Kk
AR JE R AFA RS, 7 JR) 0 DX S i A 42 i 2%,
TE SRR RIS B SCHR [25] SR FH BEHLRAE 5 4 BRI AT
BERLIR DT R SR [26] BT B AR IE R AR A R
B Z i R BRI I SR BB AL R, BRI B
SRR [14] F)FH Transformer [l 5 AN AS 1, 38 4 75
52 S 2 W
23 HEHSE
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1R K FE A LL [B] B2 AL R (PointWeb) 1 0.11%, X /& Kl
I LSRR ARG 49 77 o5 R L B A, L) B 2 4
W B B 47 IS 1 ; PointNet HIBC T Al 43 81y 1 16
KEREDTTIAS 4R35, 52 R AE T PointNet 2534
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g =GR AE M EE R, WA G .
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MLP Eon BB, 25 REAE AR T oR £ A8 FH VA A R
HREAE RS 2 S B 2 ST i 7 %, R SRR %
(Monte Carlo, MC) FR4r #1841, 2019 4, Thomas %%
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VoxSegNet™"! 2020
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AR PR A K SR BR BRI B B BR AL, MG HEFI A A SR B 5 280 o, WiResNet. Dense-

NetZ%
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)
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B 2020
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VU 3 SRR I, WA T 2200 o S
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T B LA RE PR P9 A7 ot AT SRR, SINJREBREIE RandLA-Net)USEB 54020 81, oIy &
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8, B R TR 5T T A RS TE RS %46 A 3R S AR A F A TS

HER), 5REBJIML, FES TR %

2 Fbaseline F 244 13 12 i 18 SCTUMAN i ) 25 20 SL 481 1%

ASISE! /2019

i RBTRNECN 7 B

3D-BoNet™”!
% RIS onet 00 g A

SRCR!" 2021

DyCo3D!"? 2021

N, BT R — S8 4 s B RN ORI, 23 SR AN IR S ) 5 A 8085 R I W) e A 42

BRI R S ORI, IR 2R FR AR R B LU 20T iR 2 B B/ BT, IR R

BARAE KRB = L IZRA IR

P U SR SCE B — Bk DUSE A 1277 5 MR P B B Z0RT & 5% (K AR AR
T RSN T AR LIR
& B0 IR B ) T 12 A S R DAL T T S48, et i
BRI ORZE . R R AR

S B RH A RE 7
S 24 AT S 6
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NH 5 BIH LR S3DIS Hl4E HHITEREST EE (%)

B Jiik

X 45 vl

0A

mloU mAcc OA mloU mAcc

HA 4y DGCNN™

84.10 5610

PointNet™

PointWeb™!
TGNet"™
RandLA-Net™!
POTH -

IR E

86.97
88.50

160.28
©57.80

78.62
87.31

47.71

66.73 76.19

87.20 68.50 81.50

61.33 67.65

2020 4, Wang 5K BRI 6 (10127 1 5 51
RPN =2 15 5, HEHEH R 0045 M R A1 45 (structure-
aware convolution, SAC)™*, F| Ff] = 4EA% VL AC 25 2= ARk,
HA R T B AR v 2% ) B = 4 sSA B LA ASEAR . B
Zhe, AR AR 7 E) PR B 4 B AR AL S A SRS IR
S YERZIFULED; a0 S n] DA SE 4 UTHL, TS0 X B 1) 18 5E
2021 4, Tang S5E4E H fili & T AN AR I 25 (1) 37 77 7%,
AL LB L 4% (multi-branch convolutional
neural networks, MBCNN), 1E {45 15 250 3R 10 [5) B S0
MR RS HE MR BERY, MR S NI TR R R G
AR VLR AR S8 el B, IF B H R AE Rl B S B DL

DR BA Sk B IR RE IR

TER T AR v, SCHR [31] SEBLAEY 50 KA
SCHR [32] I AR 4RI R fF e T AR S5 N KNN
AR EBEPER RS, B0 EEAS GPU WAE &
R HEERAR, HF AT EA E AN s EE R
Y5, SCHR [33] 38 A T IR B AR BE 2 ST 28 SCHR [34]
FIFIIZ B MLP (& # 1, (BB /e B3R 4E R
RUFrPERE.
32 ETENGE

2018 4F, Zhang 25415 =4 = EdE 0 25, A )R
AR 2 P AL B R RAE (M fb), 2t EIE
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ML 2% (graph convolutional neural networks, Graph-
CNN), N PointGCNPL iZ 48 454 7 B2 ik
EMEAEEE, HERE S E R E TE®RE
(). IR M AR E RS E R —H T
EREMH AN RSEIHER, Z/EHT AR
o, S E PR, R SR B R, 8
TR I A 0 B ) — 2L S AT R ARSI 2 A Ak

2019 4, Wang 2548 H 12 % # EdgeConv!"®, A
AR ZACA IS M HELE A Z VR e iR B
O i 5 AR RUA] R TA R AR, ARG AR GORHAE | 58 1%
LARERAE, BRI o0 SRR 5 W R R AE 22 B S
FHINE] MLP H, R SRRl G 7 R B R RS
BERMERER. R Z UGG, SAERE 7 6
LI [, AR5 TE 2% ) B — 2 2 S5 Bl A BT

2021 4, RELTFLE G sh A BB 7S H R )52
H 43259 %) J7 v (dynamic graph convolution spatial
attention neural networks, DGéSA)[IS]. ETHHEEEH

R4 REDTXH

P KA SRR E; 3T % 9 2 A i
SRR, S GAPNet %, Lu 4545 & BTk 5 J
e 5 20 25 L2 TR 28 T 4, ST PR R ). 22
T T ) O 3 25 S, T
5B A 5 S 2 W L
5748 2 A PR R T 7,

FESET e, SO (357 S 2 o 2
e o B M S = A 15 2 SR 435 SCR (18] TG
S STILA K, IEIFR 2 SR £ 101 8 0
Gk [15] SRt 002 P O PRI B iz o Ko
IR 55 SR (361 HE M 2 0 P2 3 25 71
A, RO P4 R R S5 25 0 24
HEE.
33 BZEaHStei

KA AT S IR R TR, T A 402K
VOV ST IR A B M e DA e 4 i, Hok
MAEIEERR. T, . SEOMER . TR

F ik ek Wiy
BT 50 R R, H A OB R N
Homosti# 2015 041 M B M IR e e i e
R INEEM, 2 >R _
g BRI SRR, i ‘ o
o AR ERUL RIS, SRR o e om0 S R
KPConv 2019 04 AT AR N 25 B AN () X0 0 e A A% S ORI B T 4 e A ik
A T TEe TR ST
T SACHY 2020 of  RHOLSHIBREBUL TR T A SACT LS M\ R S BRI, B A
RIS TR % B I LTSI AR 27
I T RS LA, ke S
MBCNNP* 2021 04 V3T S ERCNN B B b B 5 2, 3R \12/7‘3‘/2‘;557.5@)5}%?Ekﬁii&ﬁ%m&iiﬁ{{%qﬂ

H Rl £ SRS SR 4 T RFALE

L AR

HFEBBUE LM LIRS S5
PointGCNT 2018 04, mAce  HRMALIE, TEANR IR TF2E ST R 45 R

S AT
DGCNN!
2019 OAmAG o \ B 2 A
HTF K j

ROZ ARPERORE BN A . 3K
e

e HHBRAR) 1o 22 W 5 B Ed geConv, AT, H BdgeConvR 2 REAH &1k 18] i 1] &7 17, 3 B4

KA R LATAE B

3 ST 55 g 4 R o BR300 23 BRS FE AR
IRRIBLR

T UE 2 B A A e Sy i AR IR R i
DGCSA™ . %2021 04, mAce PR AR (15 8 T 5 W, ) FH I 7L
5 2] R, B N

$ R B R S A BB

Lu%C 2021 OA, mAcc LM%, DIGORT i Z AR, T8 E
EER DA &R

%7V TC I R T S PR B AR A KR B sk
FR T 7RI

ERTHB M7, Hermosilla 255, KPConv.
SAC EEHFFAEEL 3 ) & L& FU%, Hermosilla %"
e AL e R S R R OB O P S SRS V9 i ]
FERIEE 5525, KPConv F FHAH GV R EirH 5 HH /N
() ZRE, (LA b, A% ok Eon] B 58 R DA SR A 7S 2]
0L S o S BIUARAE 1 B 3, SAC K B AR B 1F th = 4

6 LR -Z5iR Special Issue

FER G LA R ; MBCNIN A2 76 000 R A% b2 X35
Bz, FIF L ESHE ES (kernel), BT 115 A0
B3R S FRATG 2R AU IR DA AR AIE Bl S S B0
TERIFEEL. 753 T B 779, PointGCN 4 4&5HH5E L
NATIG 8, i B PR ) B 8 S A A B L 1 R R
1R, FEVNZRI B, 5 NS 5 e i AR R A B S5 1 ]
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i H AR SN A

TR AR R B X 2% G, T 2B 4 T30 b
HF DA % e e PEAPE AL 1T DGCNN. DGCSA.
Lu 0% BB ARG 05 B8 R B B RHRAE,
FALTFALGE BRI 0 25 TP AR, AT BB AE R
%% 5 LT HEM, DGCSA 5 Lu 20 #4454 DGCNN
AR AT 0, ETH R BCR SRS BE 77 T 300 T DGCNN.

TR KA RE L n 2 5 FioR, ERE A 2
BAERIN . 7k, BARKERE . SAMERS BE. @I X L,
Lu 2500 1 s (A0 B2 R4 (B RS BE #0067 1 oA o 2
vk, EEFERE T FFH DGCONN KA+ 45 &% 4
TR M 25 M R KPConv FTARAEH A & 2 1A 7] X
BRI TR, BN s B A Z IR, 75 S AR
JE 75 AR T HAh S TSR VR R o 2 B 5 ik

gia o, TR M LEARS S =4k = b

SEIAR 7 1 PERE.
#5  ARESEFGEVERERHE (%)
ModeINet10 ModeINet40
K =y,
el Trik g » 0A mAcc 0A mAcc
5]
90.90
HermosillaZg®!
E|SakaR
e 90.10
- 7 KPConv (rigid)®?  — — 92.90 —
KPConv
. — 92.70 —
(deform)
MBCNNE — — 91.90 —
PointGCNE?! 9191 9157 8951  86.05
B DGCNN! - — 92.90  90.20
T 1s)
DGCSA! — — 90.40  90.60
Lu%4t - — 93.47  90.83

4 H bt

H ﬁﬁiﬂﬂ%‘aﬂatﬂiailzﬁzﬁlﬂﬁ)jﬁ@‘f‘éﬁf%%%,
L& VIR TE LR 73 2R 2 AT 55 ¥ B dan N
D, T ML TR, T A
41 ETZUENGE

ST Z WL 7 8 = xS 2 2 ML
SRR AR B RRAE, Ff A

2016 4F, Chen 51 HU pi 2= ik — 400 Bl &, 4%
53 o UG b e T, B e T 2 R R, R
T AR KA I b 3 B 2R O AR IR AE R . BT =
Y f [ B 5 o A U O R, R e I
(R AR IR =t

2018 4F, Qi 242 11 2D-3D K B ik i 77708, 3

T CNN 7& RGB EME H A= gl — 4 B #5 X 35k, FfHifih
UL, MR RO R R S, RO X 5
AR FR AL KA W2, Frumstum PointNet Tl = 4
AT RN RS, =R E S b, %
70 80 T LS 45 10 0 i L M A SR IR0
Liang 245 H 38 B3 10 772 5] 4kl 22, 3T
AL DR IR 4 R i A PGB HOK: T 2 A R,
SR 1 = 4 52 B, Ku St T8 S 00 Bt Sl
(aggregate view object detection, AVQD) W25, SEEL T
T N I B R = e o S B R, 3 T 5 g
K (bird’s eye view, BﬁV) W AT RGB MG 3R BURRAE
Il £, 25 X B T 9 2% 15 ) T 1) X R 3 A, 46
(A ME 2RI 1 B B U1 T8 2 B
S5 % 4 6 ) = o R e A R T A 1 L L
SIS AR B, 1%k Z 45 b T DS 247, FLA
A1 AR 4 P 77 P48,

2019 %, Liang “542 th ZAF 55 2% B S fa ALY,
FE T 0 =0 R . T A R B R ),
1% VAT I8 B R X 3 (region of interesting,
RO 45 il 45 1) 55 1 I3 7 R 45400, FIFHZRBE R 42, 55
B AL A RV, 2540452 STHRBE SN i JLAeT
Ll S AT 3 7 SR B (AT R A

2020 4F, Yan S5 H R 22 2] N 4%, i 48 456
BRI 50 15 SR = 2 K UM 2 S ok
U, HET- Hough HEE5E A X 46A0 5 A1 B, 31N
I 1 B JE e R GBSCHE R (0 25 25 JL (TR, 360
T G 25 25 5] 5 2

ST Z BT, SOk [38] SR ET LT
ORI ST AR U T R M R S
b G EHE 7735 SCHR [39] 3211 A B ARK T 2% 76 BEV
R, I I ST R A AT 44 B BEV 25 [A]; L
ik (407 I FH 527 160 1) 55 1] 1 e e A B 4 D o £
ORI T7 1 £ SOk (417 FOBERLR AL 2 B B
1B ORI, b B
KT, 55 2 MBS ROT A EMh &, Scl RS 1 — 2
= 44, £ [ 01 SCRR [42] 7T BAYE B 237 B o (e
HERF I, IR B A 4 MR
42 BFHENTS®

ST BTV S S 15 2 P AL R R i — )
=B RS BRI,

2018 4, Zhou %542 H VoxelNet, HZANFEFE T &
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Z B = 4 H RISl A R E AR Y (voxel
feature encoding, VFE) 2, &5 &% s FFiE 5 =3 R Ak
fiE, S Z B AUE AE HL. 2020 4, Cui S5 52 H
KBt PVF-Net HEZL, 778 H T 50 StrboE A H Ax
() = 4 FAENY. 55 1 BB, R 4B B CNN A
PointNet $RHUEE TR R AL T i g de e, 5 T XUH f
A Rl 5 LA RO Pl i B HE. 5 2 B BL, BT Rol IR
FE Rl & PR U 26 B TR 3R (R RRAE AR RURFALE,
DA & R AT RO AN 22 R

2019 4, Chen 52 H1 TIEH] L PR 2 Fir B =4k
H PR RAE SR 2005 i etk b i =, IR IR
AR R DX A A HE WX 2% (region proposal network, RPN)
A RS BEATTAE TIP3 Rl AL BRI OR A4 2R I 2% 1
TR SRR, AR BTN AR AEARFAIE ;4505 4 IR N Refine-
Net 56 A1, SR1M, HT AR T LB HEE Rk,
A DA P2 52 2 7 o SR . o f Dot B, 2021 48, Li %%
R L 5 SRR B ) 7, L A SORIJR) %
FRHEXS BT RR AN 2 R T TR
A1 AL RPN R R, JH4 4L T TR 5
RSB LS H A5 S 10 SURRALE.

2021 4%, Li 842 th S0tk i iR &= X I FR i 42
#% (improved point-voxel region convolutional neural
network, IPV-RCNN), FJF =4k H ki ™", %5 3%
TS 0 22 T 2504 18 s R )1 2507 32 DA AR v =4 H AR )
W GR R RIS NS B, ISR FH 268 T4 1 J7 925 Fi0 = 4
1 FHERZE.

FEHE TR R B 7k, Sk [43] ek 17 F T4
FREAE D7 V5 MR, B2 tH 2 T 5 2 = 2 o 281 g ] 31

SRIIER LR R G PR ZR I SR [44] B2 H A By BT

BC=4E H PR A I HESE ; SCRR [45] $2 H 1 H A snill Az 42
[ B 1) FH A 2 A 2 R FRER U 28 4% N 5 SCHR [46]
BT REA ?é%*ﬁﬁ%%ﬁﬁ%ﬁ%%%ﬂ@%&, P
DT HC R B FAS MRS RE s STk [47] Wit 1 ek i =4k H
Pk I G925, B H P B0 H s I 2 Rk T 45 =4
MR AR FRAE SRR S
43 ETS05E

BT S 7 VRS DL A N N, R T 44
ST R BT BB KR P A 7 FH v D 1

2019 4, Shi 2542} PointRCNN, T =4i [ &
P ERRZ, LA R Er 5 B S b B
SN p AR 3 vivy AN A B 2 O A =TT o R
A R B AR R B ) A A A B A e T = g

8 TR +Z5iR Special Issue

[ F A R B T SR = ki FAE, O S 3 IR 4 R
). G B RN RENES R PR HEAR R, DL
U 2 ) JR B A T RHAE, IR 456 5 42 R 1 SURFIE, SEIL
i B0 PR320 S AE A0 A B A 2 T

2020 £, Sun 2 H X0FE = TG 4% (dual
attention and graph convolution, DAGC)™". i i 5] A%
HERE R 2 SRS MR AL, FIR, 51Nk ZE
K &AM 4% (residual graph convolution network,
ResGCN) B A #1422 A <0 g Jo3 R, 2
20, B R AT AT L PR 80 4 5 ik 74

2021 4, Feng %4 th = 4556 RBLE, 76 =i 7
HE (6% 39 36F 50 Z0A e ST — 4 Aok R B, TR A G 5,
CASCHURR A ) H ARR I, 6T S0 R AL 77 7, o
=Y H AR RIRI G — WA AFAE. 45 AP AR S
A BRFAE, AL =4E H AR R K. Shi 5552 PointRCNN
E R, R FET M i =4 B ARk IAESE, R 43k
R TR AARE W 4, B Part-A® 4551 %N 4% 4 Ay
PIBTBe: B8 1 B B o3 H AR N AL BLAR R AT S AR RS B
FTHAERA ) B bR A BB AR AL 55 2 B B R B RS AT
LR B, CAHERA VT 73 FE AR A AL

FESET R TR, SCHR [48] 73 #1 sz TS
GRS 5, AR b B PR = 4EER 5 SCRR [49] RO
I FH RUOR 28 ARG ALE B2 B i e 1 R A AR I B2 X e
SCHR [50] 47 H AR s 7 7t A 7 S TR e AR A 34 e
S AR TS 1) 6 R, I SRR SR AR5 R S
iR 517 31\ I 0 X 3k 25 25 X S PR A, 30
BRELA 2 I R A T oo 1
4.4 EESWERIL

AR AT 2 TRR. ET A
H BRI 5053047 0 B 5 BLER

KT B b EVER 78 AR R 40 4 55 e sl R an
6 Piw, LN ERAER . Tk, Fr. ook, £
T Z )72, MV3D # Frustum PointNet 3 %2
fif ik 2D-3D H ARAS I e, EL AR MO R 1 28
A2 B BRI S SR, Herh, MV3D £E /N H B4 A
R, ARV, AVOD FERFIE ST B il
BIRER L, 78 7 R R R, R4 /N2
A4S Liang 265 F1 MMS 5 52 ) BE RS AR IE 2
N, EIAFR L (BB SEOCEL S ) BE B RE;
DN R ARG Sk AT IR AR 3 £ R 5 SRR P AS 2 (4 1]
8, Yan S0 it i g 2 A R A RN R LA
BE=4JUERS S, USRNEZHHER. 5T
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i H AR SN A

IR BT, VoxelNet $& H 5By Bk iz, BAA T LA
5 2] B & LR AR B4R B8 20X 4 2o, IR
PRI 25 5, AR e R BT AL A 2 5 A B R SR
R ZR A B 15 B R 1) @, PVF-Net 7840 |
FHAR 23 2 454 (voxel dense structure, VDS) Fl & Fi i
454 (point sparse structure, PSS) HIHL 3, JH7E P Fh &4
¥y 2 18R4T 47 225 &F % RCNN H BN Zhist 1) 1g .

G4, WA A& 55 R, FP R-CNN, P2V-RCNN,
IPV-RCNN 5 4& H 50t 9 o B H bk 925, e T
ST, T s Ak SR BRI 1 (AN [R] PR 5 5
Al RE R RV F [A]— 41 45), PointRCNN 2 2%} J LA
SR RS BE J1; AR R, Part-A® 32 H AT X 43 &
PR XA ) A s A R AR DAV BR BRI 1, DAGC M
Feng %500 B4 H AN AR ABE B AR R R ARG %

#£6  HEMEIE LN

N

2607 RN AN KR 152 R

2 TR 25 2 o R B AR, FLE Tk
L BRI, 2 B RIS T i

% ki iR
FRAEL E RSB AR B A e

MV3DY i

2010 = bR, 350 MU R R R 5 .

. R A — 8 FLERRO IR0 0 = e RIS
\ 2018 AT FLBR s L, 7 A R

e ; 38] , X i

HTERE Poiniet AR = 4l )

et 4 e L i Y BCBRS (A1 4 H 1)L
Yan* 2020 fARFAERK) IR BESE 5] W2 G5, I T I 17 RSB )22

it e =Y 2 )

s SR A, BSR4 e
RO FEA T

VoxelNet*! 2018 ©
g
PVF-Net™*¥ 2020

BEFHhER
FP R-CNN™ 2019
Higt—L e

IPV-RCNN
2021 S

5 VeSSl DN LR 2 SIS S LES Jul
(S BN RALFARAE B ) B

SEE I TR FRANIE B A UL R BT R R 1% 77V 2 15 1T DA I BT A B AT 5200 H
HERf AL, 22 RIE T AR R AN T ki (A AE
BRI, RS BUE F 35 84
SRTIN, BB 2R B T IR AR a5 R L AR AL XS

F T LTSRN EERFE, IR K-means K

THETAY R R L T2 2 18]35 A A4 B e PR AL i

FHEW]

A5 308 % 12 90 2% R B Xk e A S B ) A A
I [ i

prex G IR IR NG

BB 2% LA Al B 7 B B =

PointRCNNM™! 2019

BT DAGC™ 2020

RHIE A 24

B HH PR = 2 A 2 P Dj&ifi€lﬁ 3% 5%
Tl SRt LA S e O P A AR i T (1SR et L

Part-A%" 2021
A 5 i E AR A B

LR, FE2W Bl 2% £ 5 V8 SURFAEAN R 0 22 17 4
fiE, FERTE AR R P AL IR 5 ..
WUE R I BEYLRIResGCNBEH 78 73 FI ] 1 sk BRI 51 H U EdgeConv SR I =5 pEAH &1 18] 14 17 B

FF 5 2 P B OO, 207 52K T XL
fafs agmmiones 4 |\

T SR A R

M 2 FPARMER AT N7 i, S B0k 2
HIAT NI RE R 22

H bt T R Ee e n e 7 B, “EpRas-Easy”, “M”
F~“Moderate”, “H”?%Z—,?“Hard’f. ik, IPV-
RCNN KA B T A TR % T 20
IR 7 RN T RO D7 7%, B R R T4 A 2o B
PEAEER TR T NRACR, FFRE IR R R, 4767
B, 2T 7B R RIS FEBIE 2 1 B K HAXS
FasE, FEREFONE R Z LT 22518 Bl 7 B2
BRI, =4 CNN FIAEREANTH AR ARAR, Mt T
TR ERRAE P S 2, G 1A RS R Z A .
5 K4

ahp=

ARSI 5 LA T LA R IR JEE 2 2] A AR B K AR

=R B R EL TR BRI 3 N5
TR FE e, DA RS FH B8 S AR ST e, IF
X EVERGEE . AR R HIUSE T, AT Eh R
RINEINHEA L.

g BRTIR, BT IR ) BRI KR =4 i =
AEFEA JE IR R .

(1) Kz E

B PointNet™ . PointNet++** &5 503538 i
Rad, NRMor 2 E EFRRERE L S
SECHEERES . A S FEOR, B s B A
T KA 1 2 A Ja 1) B A SO R, wT LA
A EH AR G5 ARG SR, feET
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Mo AR TSR 2% B AT A .
TR SRFE T 10 B T SRR, SGPNPT!
KB s PR B B A B AR ECK, T

RandLA-Net'*! 5% ] B8 A3 B 125 B AR P4 77 RS ) 974 €.
R, AT LA RE 454 RandLA-Net 5T HLARE: PG
B E R, 451 Transformer 25 B, 25T H AR,

7 KITTI HdadE b RA R H ARl VAR REXT EE (%)

Car (loU=0.7)

Pedestrians (IoU=0.5)

Cyclists (loU=0.5)

FH ik E M H E M H E M H
MV3DE7 92.33 88.66 78.96 80.35 66.68 63.44 76.04 66.36 58.87
Frustum PointNet™™" 8120 7039 6219 5121 44.89 40.23 71.96  56.77  50.39
BT ZHE ol
Liang®% 82.54 6622  64.04 — — — — _ _
Yan%*! 84.88  80.77 77.44 — — — — — —
VoxelNet™! 81.97 6546  62.85 57.86 53.42 48.87 6717 = 47.65  45.11
4 PVF-Net™*! 87.80 7679 7268  51.27 4659 « 14049 7262 6030 5333
TR 6] L
P2V-RCNN — — — 50.91 14319 40.81 78.62 63.13 56.81
IPV-RCNN' 9628 9226 8439 | — - — 82.64 6827 6132
PointRCNN™ 8594 7576 6882 . 4943 41.78 38.63 7393 59.60  53.59
ET Feng%"™) 8721 7794 7370  53.07 44.60 42.30 7591 6112 5430
s Part-A’-free""! 90.23 88.05 85.85 70.73 64.13 57.45 88.18 7335 7075
Part-A*anchor®™ & 9042 8861 87.81 70.37 63.84 57.48 8831  73.07 7020
' ¥
(2) ek 4r3E g ! j.cnki.jos.005946]
B T RV T - ) R A T e S A E, 2 Redmon J, Divvala S, Girshick R, et al. You only look once:
PointNet™ Jeidb3k ) SHiE S 80k B A 5. DGCNNUY ;JEr;f;ed,C ree;l-tlme object Cdetectlon. I\’]r.o.ceedmgsd oi 2016
N N N onference on omputer 1s1on  an attern
ARG T IR @, (H T EdgeConv K25 FEAH AR f ]
SR JAN : o N Recognition (CVPR). Las Vegas: IEEE, 2016. 779-788.

N B R0 # =] H D 1 ) ;u 7 EA sk F P 221 e >,
MIRLELTT I, RABUR 1O AREAE, BGOSR 5 g0 guos e inss &) o P A I0HR A%,
Wy N Al > gl A — Of R o . ..

AR AL, T LA ST AR A LA A AE % T 240, 2016, 21(9): 1138-1146. [doi: 10.11834/jig.
TGRFAE B = 4 ]38 LR RF I A Bh T3 s R 20160903] \

(3) B FrAsi 4 Guo YL, Sohel F, Bennamoun M, et al. Rotational projection
(EERE: — 4 RGB B P24 E 5 MIRE S statistics for Z;D local surface description and object
BT 2 B B R 1 LTS B S RS SR recognition. International Journal of Computer Vision, 2013,
e ey o “ P 105(1): 63=86. [doi: 10.1007/s11263-013-0627-
SIS BRS, OLERG IS S AR, i, (RORCE O TR

. B . . , Song SR, Khosla A, et al. apeNets: eep

PL, H bRk I s S8 47, 7T LA 845 & AVOD SLikfd | . . .
N - N representation for volumetric shapes. Proceedings of 2015
%] 7 v 2L 57 1K 7 B4 B E o
HUEMRAFAE . MMS SR 2] FR S ] E/”E' s IEEE Conference on Computer Vision and Pattern
S5 BB S IL. P Recognition (CVPR). Boston: IEEE, 2015. 1912-1920.
S Ay N L) N —_— o . .
A B 57 1] EEI?J& e P e Y e B i 6 Dai A, Chang AX, Savva M, et al. ScanNet: Richly-
VG PE B H FREE R H AR, SR EEE IR B, M annotated 3D reconstructions of indoor scenes. Proceedings
BRI, 11 Frumstum PointNet™® R4 B k7 110 of 2017 IEEE Conference on Computer Vision and Pattern
oy T ZE MG . Part-A2 5V MRS B 55 25 rb f o % 5 iecogmtlo;l (CVPOR). Hono/iulu: IE]jE; 2017. 2432-2443. )
L, R 7 Armeni I, Sener O, Zamir AR, ef al. 3D semantic parsing o
HAT NI T, BRI, T A5 454 IPV-RCNN i3k T , , parine
. . R . —_— large-scale indoor spaces. Proceedings of 2016 IEEE
P R I 2505 V5 S AVOD S5 SR IR 5 A . .
Conference on Computer Vision and Pattern Recognition
R Tt Sty HEL B
ARSI . (CVPR). Las Vegas: IEEE, 2016. 1534-1543.
8 Behley J, Garbade M, Milioto A, et al. SemanticKITTI: A

S E 3k
1 SKBUE, PEo%, W SCHER, 55 TH A ST S (3R 5 27 ) i
FELEIR . BAF 23R, 2020, 31(9): 2654-2677. [doi: 10.13328/

10 % i +Z5i& Special Issue

dataset for semantic

scene understanding of LiDAR

sequences. Proceedings of 2019 IEEE/CVF International
Conference on Computer Vision (ICCV). Seoul: IEEE, 2019.
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Zhang YJ, Meng XW. SPCR: Course resource service
platform for computer supported teaching and online
learning. Proceedings of the 16th International Conference
on Computer Science & Education (ICCSE). Lancaster:
IEEE, 2021. 66-71.

He T, Shen CH, van den Hengel A. DyCo3D: Robust
instance segmentation of 3D point clouds through dynamic
convolution. Proceedings of IEEE/CVF Conference on
Computer Vision and Pattern Recggnition “(CVPR).
Nashville: IEEE, 2021. 354-363.

A, ), S0 % BOH RangeNet++15 2 o 40 448 4
=/NBARE U R TE N B v S5 BR S A,
2021, 33(5): 704-711.

Guo MH, Cai JX, Liu ZN, et al. PCT: Point cloud
transformer. Computational Visual Media, 2021, 7(2):
187-199. [doi: 10.1007/541095-021-0229-5]

R, B, (TR, & 455 A BB S EER T
MR m RS0 b EEREE R, 2021, 26(11):
2691-2702.

Fooladgar F, Kasaei S. A survey on indoor RGB-D semantic
From hand-crafted features to

Multimedia Tools

segmentation: deep

convolutional neural networks. and

Applications, 2020, 79(7): 4499—-4524. [doi: 10.1007/s11042-

019-7684-3]

Li JX, Chen BM, Lee GH. SO-Net: Self-organizing network
for point cloud analysis. «Proceedings of 2018 IEEE/CVF
Conference on Comp}lter Visign and Pattern Recognition
(CVPR). Salt Lake City: IEEE, 2018. 9397-9406.

Wang Y, Sun YB, Liu ZW, et al. Dynamic graph CNN for
learning on point clouds. ACM Transactions on Graphics,
2019, 1(1): 1-13.

Wu WX, Qi ZA, Li FX. PointConv: Deep convolutional
of 2019
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Long Beach: IEEE, 2019. 9613-9622.
Wang ZJ, Lu F. VoxSegNet: Volumetric CNNs for semantic

networks on 3D point clouds. Proceedings

part segmentation of 3D shapes. IEEE Transactions on

Visualization and Computer Graphics, 2020, 26(9):

21

22

23

24

25

26

27

28

29

30

2919-2930. [doi: 10.1109/TVCG.2019.2896310]

Chen C, Fragonara LZ, Tsourdos A. GAPointNet: Graph
attention based point neural network for exploiting local
feature of point cloud. Neurocomputing, 2021, 438: 122-132.
[doi: 10.1016/j.neucom.2021.01.095]

Charles RQ, Su H, Mo KC, et al. PointNet: Deep learning on
3D
Proceedings of 2017 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR). Honolulu: IEEE, 2017.
77-85. g

Qi CR, Yi L, Su H, et al. PointNett+:* Deep hierarchical

feature learning on point sets in"a metric space. Proceedings

point sets for classification and segmentation.

of the 31st Internatiofial Conference on Neural Information
Processing Systems. Long Beach: Curran Associates Inc.,
2017. 5100-5109.

Zhao HS, Jiang L, Fu CW, et al. PointWeb: Enhancing local
neighborhood features
Proceedings of 2019 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR). Long Beach: IEEE,
2019. 5560-5568.

Hu QY, Yang B, Xie LH, et al. RandLA-Net: Efficient

semantic

for point cloud processing.

segmentation  of clouds.
Proceedings of 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR). Seattle: IEEE,
2020. 11105-11114.

Li Y, Ma LF, Zhong ZL, et al. TGNet: Geometric graph

CNN on 3-D point cloud segmentat?on.' IEEE Transactions

large-scale  point

on Geoscience and ' Remotes Sehsing, 2020, 58(5):
3588-3600. [doiv!:v 10.1109/TGRS.2019.2958517]

Wang WY, Yu R, Huang QG, et al. SGPN: Similarity group
proposal network for 3D point cloud instance segmentation.
Proceedings of 2018 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR). Salt Lake City:
IEEE, 2018. 2569-2578.

Wang XL, Liu S, Shen XY, et al. Associatively segmenting
instances and semantics in point clouds. Proceedings of 2019
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Long Beach: IEEE, 2019. 4091-4100.
Pham QH, Nguyen T, Hua BS, ef al. JSIS3D: Joint semantic-
instance segmentation of 3D point clouds with multi-task
pointwise networks and multi-value conditional random
fields. Proceedings of 2019 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR). Long
Beach: IEEE, 2019. 8819-8828.

Yang B, Wang JN, Clark R, ef al. Learning object bounding

boxes for 3D instance segmentation on point clouds.

Special Issue & i%gik 11

© TEREBIK R

http://www.c-s-a.org.cn


http://dx.doi.org/10.1177/0278364916679498
http://dx.doi.org/10.1177/0278364916679498
http://dx.doi.org/10.1007/s41095-021-0229-5
http://dx.doi.org/10.1007/s11042-019-7684-3
http://dx.doi.org/10.1007/s11042-019-7684-3
http://dx.doi.org/10.1109/TVCG.2019.2896310
http://dx.doi.org/10.1016/j.neucom.2021.01.095
http://dx.doi.org/10.1109/TGRS.2019.2958517
http://dx.doi.org/10.1177/0278364916679498
http://dx.doi.org/10.1177/0278364916679498
http://dx.doi.org/10.1007/s41095-021-0229-5
http://dx.doi.org/10.1007/s11042-019-7684-3
http://dx.doi.org/10.1007/s11042-019-7684-3
http://dx.doi.org/10.1109/TVCG.2019.2896310
http://dx.doi.org/10.1016/j.neucom.2021.01.095
http://dx.doi.org/10.1109/TGRS.2019.2958517
http://www.c-s-a.org.cn

i E AR %N

http://www.c-s-a.org.cn

2023 4F #5324 H2

31

32

33

34

35

36

37

38

39

40

41

Proceedings of the 33rd International Conference on Neural

Information Processing Systems. Vancouver: Curran
Associates Inc., 2019. 6737-6746.

Hermosilla P, Ritschel T, Vazquez PP, et al. Monte Carlo
convolution for learning on non-uniformly sampled point
clouds. ACM Transactions on Graphics, 2018, 37(6): 1-12.
Thomas H, Qi CR, Deschaud JE, et al. KPConv: Flexible and
deformable convolution for point clouds. Proceedings of
2019 IEEE/CVF International Conference on Computer
Vision (ICCV). Seoul: IEEE, 2019. 6410-6419.

Wang L, Liu YX, Zhang SM, et al. Structure-aware
3D point
segmentation. Remote Sensing, 2020, 12(4): 634—651. [doi:
10.3390/rs12040634]

Tang ZF, Hao FS, Zhang QS, et al. Complementary multi-

convolution for cloud classification and

branch CNNs towards real-world 3D point classification.
Proceedings of IEEE International Confe\rence on Real-time
Computing and Robotics (RCAR). Xining: IEEE, 2021.
869-874. y

Zhang YX, Rabba-t M. A graph-CNN for 3D point cloud
classification. Proceedings of 2018 IEEE International
Conference on Acoustics, Speech and Signal Processing
(ICASSP). Calgary: IEEE, 2018. 6279-6283.

Lu XL, Liu BD, Liu WF, et al. Linked attention-based
dynamic graph convolution module for point cloud
classification. Proceedings of IEEE International Conference
on Image Processing (ICIP). Anchorage: IEEE, 2021.
3153-3157.

Chen XZ, Kundu K, Zhang ZY, et al. Monocular 3D object

detection for autonomous driving. Proceedings of 2016 IEEE

Conference on Computer Vision and Pattern Recognition

(CVPR). Las Vegas: IEEE, 2016. 2147-2156.

Qi CR, Liu W, Wu CX, et al. Frustum PointNets for 3D
object detection from RGB-D data. ‘ﬂPréceedings of 2018
IEEE/CVF Conferenqe on "Coinputer Vision and Pattern
Recognition (CVPR). Salt Lake City: IEEE, 2018. 918-927.
Liang M, Yang B, Wang SL, et al. Deep continuous fusion
for multi-sensor 3D object detection. Proceedings of 15th
European Conference on Computer Vision (ECCV). Munich:
Springer, 2018. 663-678.

Ku J, Mozifian M, Lee J, et al. Joint 3D proposal generation
and object detection from view aggregation. Proceedings of
2018 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS). Madrid: IEEE, 2018. 1-8.
Liang M, Yang B, Chen Y, et al. Multi-task multi-sensor
fusion for 3D object detection. Proceedings of 2019

12 % +Z5iR Special Issue

42

43

44

45

46

47

48

49

50

51

IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Long Beach: IEEE, 2019. 7337-7345.
Yan M, Li ZT, Yu XY, ef al. An end-to-end deep learning
network for 3D object detection from RGB-D data based on
Hough voting. IEEE Access, 2020, 8: 138810—-138822. [doi:
10.1109/ACCESS.2020.3012695]

Zhou Y, Tuzel O. VoxelNet: End-to-end learning for point
cloud based 3D object detection. Proceedings of 2018
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Salt Lake, City: IEEE, 2018.
4490-4499. L

Cui ZH, Zhang ZH. PVF-NET: Point & voxel fusion 3D
object detection framework for point cloud. Proceedings of
17th Conference on Computer and Robot Vision (CRV).
Ottéwa: IEEE, 2020. 125-133.

Chen YL, Liu S, Shen XY, er al. Fast point R-CNN.
Proceedings of 2019 IEEE/CVF International Conference on
Computer Vision (ICCV). Seoul: IEEE, 2019. 9774-9783.

Li JL, Sun Y, Luo SJ, et al. P2V-RCNN: Point to voxel
feature learning for 3D object detection from point clouds.
IEEE Access, 2021, 9: 98249-98260. [doi: 10.1109/ACCESS.
2021.3094562]

Li YJ, Yang S, Zheng YC, et al. Improved point-voxel
region convolutional neural network: 3D object detectors for
autonomous driving.
Transportation Systems, 2022, 23(7):9311-9317. [doi: 10.11
09/TITS.2021.3071790] ’

Shi SS, Wang XG, Li HS. PoinfRCNN: 3D object proposal
generation and detection from point cloud. Proceedings of
2019 IEEE/CVF Conference on Computer Vision and Pattern
Re(gognition (CVPR). Long Beach: IEEE, 2019. 770-779.
Sun Q, Liu HY, He J, et al. DAGC: Employing dual attention

and graph convolution for point cloud based place

IEEE Transactions on Intelligent

recognition. Proceedings of 2020 International Conference
on Multimedia Retrieval (ICMR ’20). Dublin: ACM, 2020.
224-232.

Feng MT, Gilani SZ, Wang YN, et al. Relation graph
network for 3D object detection in point clouds. IEEE
Transactions on Image Processing, 2021, 30: 92-107. [doi: 10.
1109/T1P.2020.3031371]

Shi SS, Wang Z, Shi JP, et al. From points to parts: 3D
object detection from point cloud with part-aware and part-
aggregation network. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2021, 43(8): 2647-2664.

(B e FhEHE)

© TEREBIK R

http://www.c-s-a.org.cn


http://dx.doi.org/10.3390/rs12040634
http://dx.doi.org/10.1109/ACCESS.2020.3012695
http://dx.doi.org/10.1109/ACCESS.2021.3094562
http://dx.doi.org/10.1109/ACCESS.2021.3094562
http://dx.doi.org/10.1109/TITS.2021.3071790
http://dx.doi.org/10.1109/TITS.2021.3071790
http://dx.doi.org/10.1109/TIP.2020.3031371
http://dx.doi.org/10.1109/TIP.2020.3031371
http://dx.doi.org/10.3390/rs12040634
http://dx.doi.org/10.1109/ACCESS.2020.3012695
http://dx.doi.org/10.1109/ACCESS.2021.3094562
http://dx.doi.org/10.1109/ACCESS.2021.3094562
http://dx.doi.org/10.1109/TITS.2021.3071790
http://dx.doi.org/10.1109/TITS.2021.3071790
http://dx.doi.org/10.1109/TIP.2020.3031371
http://dx.doi.org/10.1109/TIP.2020.3031371
http://dx.doi.org/10.3390/rs12040634
http://dx.doi.org/10.3390/rs12040634
http://dx.doi.org/10.1109/ACCESS.2020.3012695
http://dx.doi.org/10.1109/ACCESS.2021.3094562
http://dx.doi.org/10.1109/ACCESS.2021.3094562
http://dx.doi.org/10.1109/TITS.2021.3071790
http://dx.doi.org/10.1109/TITS.2021.3071790
http://dx.doi.org/10.1109/TIP.2020.3031371
http://dx.doi.org/10.1109/TIP.2020.3031371
http://dx.doi.org/10.1109/ACCESS.2020.3012695
http://dx.doi.org/10.1109/ACCESS.2021.3094562
http://dx.doi.org/10.1109/ACCESS.2021.3094562
http://dx.doi.org/10.1109/TITS.2021.3071790
http://dx.doi.org/10.1109/TITS.2021.3071790
http://dx.doi.org/10.1109/TIP.2020.3031371
http://dx.doi.org/10.1109/TIP.2020.3031371
http://www.c-s-a.org.cn

	1 数据集和评价指标
	1.1 数据集
	1.2 评价指标

	2 点云分割
	2.1 部件级分割
	2.2 场景级分割
	2.3 对象级分割
	2.4 算法分析与比较

	3 形状分类
	3.1 基于卷积的方法
	3.2 基于图的方法
	3.3 算法分析与比较

	4 目标检测
	4.1 基于多视图的方法
	4.2 基于体素的方法
	4.3 基于点的方法
	4.4 算法分析与对比

	5 总结
	参考文献

