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Point Cloud Semantic Segmentation Convolution Network Combining

Local and Global Features
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Abstract: Point cloud semantic segmentation plays an essential role in point cloud related applications. Especially for the airborne laser point
cloud, accurate annotation can greatly expand its use in various applications. However, accurate and efficient semantic segmentation is still a chal-
lenging task, due to the sensor noise, complex object structures, incomplete points and uneven point densities. In this paper, we proposed a air-
borne laser point cloud semantic segmentation network combining local and global features. We adopted the improved progressive triangulation
irregular network densification filtering algorithm to divide the point cloud into ground points and non-ground points at first. And then, we ex-
tracted local and global features for non-ground points, aggregated the local and global features, and obtained the point labeling result. Finally,
we performed semantic label optimization based on the graph optimization model. We conducted comprehensive experiments on a large-scale air-
borne laser point cloud dataset to evaluate the performance of this method proposed in this paper. The overall accuracy of this method on the
DALES benchmark data set can be increased to 97.4% to classify 8 semantic classes, and the mloU is 78.2%. Compared with existing methods,
the method can achieve better performance on accuracy.

Key words: airborne laser point cloud, semantic segmentation, deep learning, rear optimization

SHEFOCT R G R O 2 Gt b B ok
REZMEARZ —, BAPERBOCHEE | mof
THE SR OLH, HAES R RAE B 70 O R
P A A FL T ARG 5 ) A v 3 AR A R Y
PR, AL 2 = ZE SO 1 AR GRS ks A7 4
i, AT EHRIBCRA A B AU LTS (AN BE) AR
M =HEROE R = 0 i PRI P T Ay 3t BEAS
SN DU SRas i R B N AN £ I R R
WS | SZARBINS REER | ANTERE AN I ST Y AR

&, WERA A AL T o FAT R — OR B
551 B AIHLEGEOE R 2 23 2SR 32 Bl 1 AL g
TWTTIEMRDE . B S IAL S I e R 4 R
BURF AARAL, AR~ BRI R A B B
N TUE SCHTE SCR AN, X 8875 3 B et 5 L e
ik, SR e A ) 23 A di KR P 3 DX 25 i S
RAAES, AT SEIIE R8O s AH 5 = AR
TR A R, Had TR E 19 e i 5 2 200
DN g ST A A AR SR TR A A bR A TN



.- 26 - #,32 & 8 f5 A %21 5% 34
TR JEAR IS Z B PR — 2, Rl Lo #)2h MLP 2% Dhitt— 24808 R B SCOmh s 1 )

T Z W FAR S5 AN — SR ™, — St 5% i 3
o By RB RN AL S AR R 5 B
SCEEY, HERRARAET- I R LA R M RE ;s (HIX ST
BLas27 2T 10 s = 56 R T LR R Sk
e IR AN Sl RS S O ) IV B i WL 5 8575 s
BF, BTz et R

Ak, WS Y sads . BEsR .
ARG | I IR S S A N T S T I
1o MR —#adh, BFFEN G — B R 7 1) R
— B R B 2 O R figt o = 4E 5 1R A E R L )
wm, A THIAERZ ML (CNN) s KIhEE, A
BTV R A S A BOE R e KR, BRI RES R
CNNHLE S 2R, i T T LHIER Rk Y
SR AEFHIEEIR SRR, BT R Y AR
fRRELR, AIEREZ BRG] KTy e REZ A
D) == 2 Do A 1) 7 S A B 2 DA 7 R B A X 245 11
BRI, W Schmohl S™EESEHE ALS 1A Z L, T
BB FIRIER SIS I AL . SR, (RE b
ARG U B BRI BURRE X = ERE Y
SRR . A, FEETEIRR G R KR
A o RS G S B AR R, — LR A 25
HHEAERIG S = EN BT, IR R B 22 ]
Y ) S AEIE, 4 Yousefhussien MPEEHEH T —A4
SERBTING, BRI A SS 2 10 AR AL BR A R 67
1) b P 22 G SR 3 S BRI GRS R RAE AR Ry i
A, HTZEESE; WANG ST T 22 R
2L, DI R IRHEE S, IR S T
Mo EPERE . XTI SR SRS R MLP 2542
R SARIE s SRIG R RS A S RHIE SR &
FNEETAERFRES s 55 A T — 1> MLP W 4% J5 R
Softmax 7 AR T 5395, WEN C7EEEH T —Fj
T S ARSI i AR, IR T —F
AT R BN RIESERING; Arief H A"SETF L
T Atrous XCRF Bk 1S 58 )5 4f PointCNN SRS, I 7
PLEL LiDAR S =028 IR T A ik RE . EMOl &t
B, WANG Y J"SEE I T KNN R =4 18 X
AR, G T AT A R s R R O T
PR, AREEE TR HIRR R, R XS RT
S W RAE ML RO S = 2O T B T Rk
B, Bl F AR EE A E), BN
Sy UNANRL EE RS . R T R R, L X4
I FH %88 o TR A RO B A a5 18 300 98 B % 3 O — A

foixt 42 i SRR SCHE TIE AL

ZEB N EAEHRIME R, XA S
R 2 25 F T 0 =4 S w425 . R AR
Al AR RS =i 5, FRGEDE 850 Ak B A
BRI R 2 e, BRRBPISERE I T — A 2 R D)
SEGTAM L, B SeR PR SRR R A =4 AN
AR, BRI G A AREFRIH
ANT] RUBE B K SR &3 49 i SR 20T e g — s o
R KRR A T AL R RS A
X HRC T g B AR A5 R 3 S M R R TR
RE, THAHIE TS Z R 4R ET S
KFR, WEN CPEEREH T —FH FHLERBOLSA =28
14 S S i B T B T B R e I 2% . I8 456 T3l
SRR DT B R R, DU e)R
TR, JRls 2 AR LR AH &R r 12 (B 3f
B RANSHE T EPNE, BRENEZSRTLIE)
TGN 2 B ZERE 5 R B DI B e TR A
KHE S5 B B B A AN S R, o T R
Bz am B UER, iR A S R
D PG 2 o0 S L 4 Ry DT, JFR T ML 19 28 >~
UM CHEREE . feilt, FEEIIHLHASAS B
11, FAEn RIS EIE S8, A BT ueE A
SEFE AR T, HUANG RPEHFST T mfess i) 56
FHAGEIECRWEENE, gARMHRRENERTR
TR ] /i S U R R IR e &R, ARG
S F 25 (1) G R IR 8 SSRGS 7
FIBEHLH ) 4 Jr 06 RN B s, 20 TR
TAEZ A A SRS (B FGE A T R R

1 HRBEE

ATy BB 4 R (B 1) . OB S
PEE, 8 3 A T R A A AN I o 2% S0 A D8 U
AR S5 R o Ry T SR A S QSRR 4R
B Q2 RFHERRIG @FR&difb. T RIZS i
A, R A ) 2 I IR D E e Ak a)
IR SRR AR 18 SUPRIC 25 SR 28 [ 1
1.1 Huji s P

A THLEROL B R R R E 7 RO L ik p E
AW, MR SR TR RIR R . K
() i TET S ANAY T KT B IR T AR A48 2 I, T
HA T2 2B, AR T AbREE . Fitk, X4
b T AT b T R A R LR R 1 — R H G



RFEFEFH ., AERBEFIFIESNRTE X BE NG - 27 -

B1 AXNBHEARIESEIERTEE
PR IS A ISR C el Nl
AT sl , A SORA T — Pl 2 ) AN RO = £
PSR PR PIAIE™ IS AT R O A R
KBRS m 5, FERRA S AR DX . i A

71§ L S
a IR R B == (B AT

2 HEBAESHEIERER

1.2 JE TR DX i) A Al L

PointNet J HATT A= 53 Mk DUTE &2 2330 17 7 = v iF
TR B KIBNLE S = 5028 KT — A 2 1 1 25
FHERE, 43 Z4FRAE M R SE AN ARG Y . BRI, X
AR RE AR, NI E N, HIZ
AR IO AR R A A5 BRI/ IN . ol T i 2%
AP RBEXT R RE ST, A SCGE o3 )25 5
PR3 R PointNet++ 40 FRAE 2% = 4EFUIR W RE ST . 43 )=
SRR TR W Ay Ko 55 5 A 1 AT 8 2 T B 3L T — b A A
o %e, BIE e Be, Xt T2 o5
mEE I3 M, R AENREARR, Fi~X
EDIEE W BRI, W AiE U, AR Ao A
ANFE Y REEARL R A KN, UMER S =4l
BARUE AR E A ARES a5, 235
3, BN RUAFRENFSERI, £ T RE
HRZIG, AT Rt 2 Mgy, DRl
— 2 AFR A, TIN5 AR S T2
GRS HAG B SR vz AR RE T 5 AR5 % IR
HATARIRI A 5 AT RAEAL B, YN GRAnil i 72 1
XAITET, AS[a] RUEE B 4 s AL A — i i A M 2
B AT R R 07 RIS IR ZRHE , X IR e o
2 AL T I 28 i A rp ) e A T B AR IR B Ay
fEm) L, PR T A A ] RUBE 40 430 55 35 AT 43 it —
TR R SUFE B TREE R 5 B Jm ALk
H AN [R) ROBE TR BE AR i 4k, TE R — 12 R
URBEFRAE )

1.3 ARfERIRA

M TEMERE RGN RMEZ e, Hig S
TIE R BE S J55 38 X A 2 S LRI 5 22 I 6 2R
DL TZ AR EALR R TR ILAT, AN LR R R ik
() R LESS R 2 T A AR . B2 4R B S
BRA T ALS 525 P A 5 3% s TR R 45 P RE .
TGP IIVERE, WRRAERE, MEEBIMZ
VAR O T 5 SR S LT A AR 4 o 2l
IR S, AR SCEE R LA () 55 A 2EL B Bt b A 2
DIHEAS S 2 R 6 2 3455 4 BERRE AN 45 4
fiE, 4% B35 I M 2 R 3 — 4 R R AE , ATIZE ALS
B b S BUE AF i SCHT

e, T W eI R T UE X
JUATRAIE B8 B 45 25 2 20 e . 55 )1 30 T AR 4
TR 2175 R A B R 2 KR ], % 4R
JRE G B S50, ELT A BEARZEER 4k AR B W03 431
BRI E S ECR S, B AR
Sk AAE FR AR 28 (] R I R KNN AR . AR5, A
B bR 25 0 3K 15 B0 28 SRR E SR A B S 4R AF
MeR™, Hih N s B, 54 S a
N, T AR A b S I B . )
FAAN A s li<(V,-1)} . FEH5RP R A
BEE AL AL s, BRE m e RO FOR,
s, WAL my e RO FOR, HBFFER] e =m, —m,, %
R o RIS SR AR R B 2 I 1 F 30
B, JF i 3 softmax 0 — 4k VL3RS 2 /K d & 5 K
weR" . H5, ZPointNet++™f{J1 %, BT Fikas
JE - A AR A B U e, DU BT TR T
ST AR A, A 5 A S A R SR )2
YCRHE LA Ix 1R, DASRAS AN S 1S SURRAE
1.4 ZRERE

LY R B, HEBEELMN TS
EORIARSE R . A SORE 5 2 e 4 bR I B A o
D B R TRBLRBENLS (MRF) (5 K5 B4
RAGIHAA, FR AR PRECUR/ME, B

L =argmin(E,,,(L) +AxE,,.(L)) (1)

Hr, E, (L) F—Brdmmi, T eibnss 550G
Bz S, E (L) T Brormm, g
JEF R R SCE B R TRAR R AR AR A
S RIS B R 1A AR R R

BT J7 A G B0 PR O B B TR SR S A 0
)AL MRF AR ()55, R LM A 2% 43 A 1 S0 e £ o il e



- 28 - b, 32 2 9 42 A, 021 5% 34
PRI, 5525 42 00 S A i Ul 2o g /N Ak RE 1 bR RO TR YR AR E ST RIS B . ASCRIZCE
1o EASAEEAY  BLR KSR 2 e T % (TIoU) . BAKERE (OA) FIF-HIoU (mloU) 344845
ot T B T A SR AE R, B T R R PR A SO A RE, A ToU BRASG R 51 At 402

=, RHBORH KA 2ok BRI fAE, Bilk
A o R EN AR B e B T i ME . 2 OTTETE
BYGER BRI EARUE, AR RN
RERILALTTEA
AE I R AR T3 AL — B A i, — i RE
et RRECE S PO (RS A A — Bk . AR
PREACRHIE Y S B AR A TR IR BE R pR i, B
Euu(L)= ;D(li) (2)

MR AR R TR ARSBIL A, FTEE B
R, HEARD:
Esmooth(L): Z Vz/(lz’ l/) (3)

J T BEREIRA A, RIS R SR v B 1 AR
B, AR T 2B A bRiC BRI I . B A
SR E 0.5, 075, 1.0, 125, 1.5, 1.75H12, i@
2N, PIARIC A SRR 2 AR G, Y
A=L5EF, SrJORE R B . BRI A BB X
FHIZE BRI e Z A, (A BES S E0RIC A
AR TV 5 MR/ 2 A X X Y
FHE R BTN, 2B A R E AR bR
SR W A IRE N 15 K EEAT, I3RS
R ISRERE, I RAH A A B RS IbRic 25 R . )
ﬁﬁ*ff‘%ﬁﬁa—expansion B TR, REURR R
PR IR B R 2 HR B A 20 b, TR e i 43
FA—EH:

2 SCRERSH

2.1 B SR R bR

X 3C i 3 Dayton Annotated LiDAR Earth Scan
(DALES) #4888 DAL A SOy Wk ik E . DALES %X
A ALS BEERR 4, AL 5424 F TAric iy
S, B0 km® X JRARTIZ A TE AT AT ALS %L
PR, FLAUBUR A S 1T mT A A RS s B
PR 40050 F, s der 2 AL B L 6 15,
B0 50 55/ s TEEIEAE S IR T Huth . AE
LR E . RE. BT B BIEMERY
§Xf 4, A F40 I, Hrb 29N T4
LSTR85 0.5 k™ Y X, 296075
1000 545 DALES Htdls & $2 it 7 R % Z e
FThric s, AFEH 4R 8k, A

PERE, FIH OA FlmloU SR 1EA, 5 1 48t Fiis
HITERE .
2.2 PRBEE

S 06 B 2 BR 5% O 5 et Nvidia RTX 1 080Ti, RAM
J916 GB. B AFFREE R H ubuntu16.04 % CUDA10.2+
CUDNN7.6.5 + Python3.6 + Anaconda3.6 + Pytorch1.0.
DALES ¥4 4 & — 8 e R B 48, Rt A SOx)
FLEAT TR 43, A B0 9 A 43 R 20 mx20 m (Y F
P, WAES, R T EMKRRAZR, BT
B i F R AR KN 8 192 (1 s 4 . DI ZRIBI Tl HiE
AR BEER /N 1000, HEEER/ANBEE NS, AL
IR 21500 0.02, 2220 FIHEE R 0.9, YRR
500K .
2.3 LRER

DALES #4835 50 45 2 (038 SC o345 S an f&l 3 fir
N, HARE 3a RIS AT AL, A S R
o B3 Rl SIS, AN R 250 LAAS [R) B0 6
%, ATLVEW, RSO RBIR A HLES 218 X
Sy ET AT RAFIOTERE, (BATI AR — SR Rt 11
BRI ZED], REBEEREOE MR E L AE
TR R 5y E 5 R

3l

i i o

a JatisE = A

b S R

s | sl e | oo [Pk EERE 4t | gk

B3 EHFDALES HiR&iE N 4 BliLs R

KPConv™, PointNet++>, SPG™', ShellNet™, Po-
intCNNRIA SO A 7 R A5 R INE 1 s, AT LU
i, KPConv ZEH7E DALES B4 4E F %) OA Fl mloU #
L HAERRERI, ASCHEMER T A N ER
GrRE, HEAE T AELES R IR L AR,
PEEIR YR, R Z — A RE RPN kR, A




%21 %% 347

REBF ., AERBECRIFIEIRTIE XD EIERNLE - 29 -

SCT5 A ) T 4 Ry At i 2 ST A O &R, (HIE
FAUPRTFHRA/N FHE N o X F R RIS, /)
B/ e IERARBUNS G089 B R SUE R HX TR
X5, NI R DR IEE R R SUE R [, R

PN BN A FS AT TA] . KPConv 2244 55 HoA
J7#% (Superpoint Graphs Bk ) A9 X 51 7E T AR
TAE 0 FRE e e 5 I E RO AY R, IXAT RE L 2 KP-
Conv f£ DALES s e ERBUE A A

itk HbTET = "E e R CIVIEES g iK1 0A mloU
KPConv 97.1 96.6 85.3 419 75.0 95.5 63.5 94.1 97.8 81.1
PointNet++ 94.1 89.1 75.4 30.3 40.0 79.9 46.2 91.2 95.7 68.3
SPG 94.7 93.4 62.9 18.7 28.5 65.2 33.6 87.9 95.5 60.6
ShellNet 96.0 95.4 322 39.6 20.0 27.4 60.0 88.4 96.4 57.4
PointCNN 97.5 95.7 40.6 4.8 57.6 26.7 52.6 91.7 97.2 58.4
AT 96.1 92.9 81.2 45.3 88.9 60.9 66.7 95.1 97.4 78.2

E: HAER G OA, mloU A [oU W a4 & & 48 A MLk AR,

2.4 I

HPAEA SO R AR AR A R, A SCseit 1
— AT AR SE Ik A S AR . (DA 2 R AR
FRIERBIRL (w/o global, w/o local) ; @4 42 Ry FEAEAL
POAB B A Jmy 3 R AR B A 27 (w global, w/o lo-
cal) ; QWA 2R FHEBEHUE A o R AR (1 A5 Y
(wlo global, w local ) ; WEEA AR AR R A B, {5
WA AL AR (w global, w local, w/o Ir) 5 B)5¢
FEHH (w global, w local, w Ir) o 5 FlBE T ) 7322 2%
RmE2/0R, ATLURM, BT BHERTE— &
FRIE B4y 1 or2etkne.

TR 0A mloU
T (wlo global, w/o local) 91.6 63.7
iR (w global, w/o local ) 934 65.1
FHL (wlo global, w local ) 94.1 70.2
iR (w global, w local, w/o Ir) 97.1 77.9
R (w global, w local, w Ir) 97.4 782

E: AR A TR R S ELA,

D 06 I3 AT AR OO A RIS R AR, AR SC
B T 50— AN THRSER, RIS PHE20 2 1 b IR s i)
YR NIR 23 1 M i) 1 s B A B S R
b SEERAVRINR 3 PR, AMELREL, PULIREUE
TR, ANUBEAT FEARRE AT, SCOr HIRGRE RO A cde
T RIAR BRI TRCR

PR 265 4 A ity 0A mloU AT /s
A ML T A 97.2 77.9 5580
AN T 97.4 78.2 4475
:l: A

3 gn 13|::'_|'

A T — M E N T ARG A =48 =

OESTRIRE I O et s | G S A e il e 53
TR ERHER )R R SUE R, st — X
SEER IR T HAARNE . AR SO RRARE 2 i R R4
P2 2 BB, [R5 R 2 (A Al 5% 5 4y
AT SR Z A 25 [ C R . 7E DALES Eifli 4R A
SCH A IR T T LA, AR ERIIA
SCHE BRI T R ZH0RA TS 2 A Jf e
OA FlmloU J7 T SEEE T 4 etk kB - o

2E

(1] Hseht, TR E=FRMAREREL LY. LTk,
2019,48(12):1 575-1 585

[2]  #HBT, TAE, KM, 5. B4 CNN F= MRF #9338 &,
= B R A E U B ik 1] M 4 3 3R, 2021, 50(2):
215-225

[3] YANGB S, DONG Z, LIU Y, et al. Computing Multiple
Aggregation Levels and Contextual Features for Road Fa-
cilities Recognition Using Mobile Laser Scanning Data[J].
ISPRS Journal of Photogrammetry and Remote Sensing,
2017(126):180-194

[4] MR, F& K TE LG HLE LIDAR 44 &
=K [J]. MAFF,2014,39(1):38-44

[51 %, R, BT AT g b me A sy
AR BB X Ak R o £ [J]. oA d B2 2020, 40(5):
893-902

[6] Frit, R4 52K FERLGILEZHA
2-F[I]. M aFF3,2020,45(9):117-122

71 #&,E5F, T, %5 403 REKEFEN &0
Wy &= k[T A RS B R SR,
2019,31(3):385-392

(8] T, EAE, MK, F AR 2R Ty =2
BE B A TE SUARIE[T]. B TR K F R IR(T AR
AHR),2018,18(4):52-58



- 30 -

w32 2 6] 42 A,

%21 %% 34

[16]

[17]

[20]

WANG Y J, JIANG T P, YU M, et al. Semantic-based
Building Extraction from LiDAR Point Clouds Using Con-
texts and Optimization in Complex Environment[J]. Sen-
sors,2020(20):3 386

LIN, LIU C, Pfeifer N. Improving LiDAR Classification
Accuracy by Contextual Label Smoothing in Post-process-
ing[J]. ISPRS Journal of Photogrammetry and Remote
Sensing,2019(148):13-31

ZHAO R B, PANG M Y, WANG J D. Classifying Air-
borne LiDAR Point Clouds Via Deep Features Learned by
a Multi-scale Convolutional Neural Network[J]. Interna-
tional Journal of Geographical Information Science, 2018,
32(5):960-979

YANG Z S, JIANG W S, XU B, et al. A Convolutional
Neural Network-based 3D Semantic Labeling Method for
ALS Point Clouds[J]. Remote Sensing,2017(9):936
Schmohl S, Sorgel U. Submanifold Sparse Convolutional
Networks for Semantic Segmentation of Large-scale ALS
Point Clouds[J]. ISPRS Annals of the Photogrammetry,
Remote Sensing and Spatial Information Sciences, 2019,
2(5):77-84

BT A, AdA, . EREEHTRELERE
SUaEI[J] XK B R AR(E B FR), 2020, 45(12):
1942-1 948

Yousefthussien M, Kelbe D J, Ientilucci E J, et al. A
Multi-scale Fully Convolutional Network for Semantic La-
beling of 3D Point Clouds[J]. ISPRS Journal of Photo-
grammetry and Remote Sensing,2018(143):191-204
WANG S, SUO S, MA W, et al. Deep Parametric Contin-
uous Convolutional Neural Networks[C]//Proceedings of
the IEEE Conference on Computer Vision and Pattern Rec-
ognition, 2018:2 589-2 597

WEN C, YANG L, LI X, et al. Directionally Constrained
Fully Convolutional Neural Network for Airborne LiDAR
Point Cloud Classification[J]. ISPRS Journal of Photo-
grammetry and Remote Sensing, 2020(162):50-62

Arief H A, Indahl U G, Strand G H, et al. Addressing
Overfitting on Point Cloud Classification Using Atrous
XCREF [J]. ISPRS Journal of Photogrammetry and Remote
Sensing,2019(155):90-101

WANG Y J, JIANG T P, LIU J, et al. Hierarchical In-
stance Recognition of Individual Roadside Trees in Envi-
ronmentally Complex Urban Areas from UAV Laser Scan-
ning Point Clouds[J]. ISPRS International Journal of
Geo-information, 2020(9):595

LI X, WANG L J, WANG M Y, et al. DANCE-NET:

Density-aware Convolution Networks with Context En-

[21]

[22]

[24]

(28]

(31]

[32]

coding for Airborne LiDAR Point Cloud Classification[J].
ISPRS Journal of Photogrammetry and Remote Sensing,
2020(166):128-139

PARR,REL, T4k AT EREBERYEZH) LR
44 [7]. A3 #r 5 B L2021, 11(8):99-101

BRI, BEA, M. AT EREAFHESEERMELY
3D 5 & 4 £ [1]. i AU R A 5 A, 2021, 38(5):
263-267

WEN C, LI X, YAO X, et al. Airborne LiDAR Point
Cloud Classification with Global-local Graph Attention
Convolution Neural Network[J]. ISPRS Journal of Photo-
grammetry and Remote Sensing,2021(173):181-194
HUANG R, XU Y, Stilla U. GraNet: Global Rela-
tion-aware Attentional Network for Semantic Segmenta-
tion of ALS Point Clouds[J]. ISPRS Journal of Photogram-
metry and Remote Sensing,2021(177):1-20

Landrieu L, Simonovsky M. Large-scale Point Cloud Se-
mantic Segmentation with Superpoint Graphs[C]// Pro-
ceedings of the IEEE Conference on Computer Vision and
Pattern Recognition,2018:4 558-4 567

Landrieu L, Obozinski G. Cut Pursuit: Fast Algorithms to
Learn Piecewise Constant Functions on General Weighted
Graphs[J]. SIAM Journal on Imaging Sciences, 2017(10):
1 724-1 766

Simonovsky M, Komodakis N. Dynamic Edge-condi-
tioned Filters in Convolutional Neural Networks on
Graphs[C]//Proceedings of the 30th IEEE Conference on
Computer Vision and Pattern Recognition,2017

QIC, YIL, SUH, et al. PointNet++: Deep Hierarchical
Feature Learning on Point Sets in a Metric Space [M]//Ad-
vances in Neural Information Processing Systems, 2017:
5099-5 108

Varney N, Asari V, Graehling Q. Dales: A Large-scale
Aerial LIDAR Data Set for Semantic Segmentation[C]//
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition Workshops,2020:186-187
Thomas H, QI C, Deschaud J, et al. Kpconv: Flexible
and Deformable Convolution for Point Clouds [C]//Pro-
ceedings of the IEEE/CVF International Conference on
Computer Vision,2019:6 411-6 420

ZHANG Z, HUA B S, Yeung S K. ShellNet: Efficient Point
Cloud Convolutional Neural Networks Using Concentric
Shells Statistics[C]//Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision, 2019:1 607-1 616
LIY, BUR, SUN M, et al. PointCNN: Convolution on
X-transformed Points|M]//Advances in Neural Informa-

tion Processing Systems, 2018:820-830



