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Abstract: With the development of 3D detection technologies, point clouds have gradually become one of the most com-
mon data representations of 3D objects or scenes that are widely used in many applications, such as autonomous driving,
augmented reality (AR), and virtual reality (VR). However, due to limitations in hardware, environment, and occlusion,
the acquired point clouds are usually sparse, noisy, and uneven, hence imposing great challenges to the processing and
analysis of point clouds. Therefore, point cloud quality enhancement techniques, which aim to process the original point
cloud to obtain a dense, clean, and structurally complete point cloud, are of great significance. In recent years, with the

development of hardware and machine learning technologies, deep-learning-based point cloud quality enhancement meth-
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ods, which have great potential to extract the features of point clouds, have attracted the attention of scholars at home and
abroad. Related works mainly focus on point cloud completion, point cloud upsampling (also known as super-resolution)
and point cloud denoising. Point cloud completion fills the incomplete point clouds to restore the complete point cloud infor-
mation, while point cloud upsampling increases the point number of the original point cloud to obtain a denser point cloud
and point cloud denoising removes the noisy points in the point cloud to obtain a cleaner point cloud. This paper systemati-
cally reviews the existing point cloud quality enhancement methods based on deep learning to offer a basis for subsequent
research. First, this study briefly introduces the fundamentals and key technologies that are widely used in point cloud
analysis. , three types of point cloud quality enhancement technologies, namely, upsampling, completion, and
denoising, are introduced, classified, and summarized. According to the types of input data, point cloud completion meth-
ods can be divided into voxel- and point-based algorithms, with the latter being further sub-divided into two types depend-
ing on whether the encoder-decoder structure is exploited or not. The encoder-decoder-structure-based algorithms can be
further divided according to whether the generative adversarial network (GAN) structure is used. Point cloud upsampling
methods can be classified into convolutional neural network (CNN)-based algorithms, GAN-based algorithms, and graph
convolutional network (GCN)-based algorithms. Point cloud denoising methods can also be divided into two types based on

whether the encoder-decoder structure is exploited or not. Third, the commonly used datasets and evaluation metrics in

ture cannot be captured well

point cloud quality enhancement tasks are summarized. The performance evaluation metrics for geometry reconstruction
’ . _ -
the reasons for the differences in their performance. The recent progress and challenges in the field are then summarized

mainly include chamfer distance, earth mover’s distance, Hausdorff distance, and point-to-surface distance. This paper
then compares the state-of-the-art algorithms of point cloud completion and upsampling on common datasets and identifies

and future research trends are proposed. The findings are summarized as follows: 1) the point cloud features extracted by
existing deep learning-based algorithms are highly global, which means that the local features related to the detailed struc-
. te]

thus resulting in poor detail reconstruction. Traditional geometric algorithms are known to
effectively represent data features based on geometric information. Therefore, how to combine geometric algorithms with

geome
deep learning for point cloud quality enhancement is worth exploring. 2) Most algorithms are for dense point clouds of
single objects, and only a few studies have focused on sparse LIDAR point clouds containing large-scale outdoor scenes

3) Most of the related studies only consider the point cloud processing of a single frame and ignore the temporal correlation
of point cloud sequences. Therefore, how to utilize the spatial-temporal correlation to improve quality enhancement perfor-

mance warrants further investigation. 4) In existing methods, the proposed network models are often complex and the infer-

ence speed is relatively slow, which fail to meet the real-time requirements of several applications. Therefore, how to fur-
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T

ther reduce the scale of the model parameters and improve the inference speed is a research direction worth exploring. 5)
Most of the existing methods only process the geometric information (3D coordinates) of point clouds and ignore the attri-

bute information (e. g. , color and intensity). Therefore, how to simultaneously enhance the quality of geometric and attri-
5

bute information needs to be explored. Project page: https://github.com/LilydotEE/Point_cloud_quality_enhancement
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Table 1 Summary of deep learning-based point cloud quality enhancement tasks
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TEBE R KRR : 1) S = IR R AR R AR
A 23 T TUAR | A A 185 5 2) PR 3R B0 3D A% A SR/
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(Qi%5,2017b) MY A5 HHERl L, 56T KUY Ah 227 A7
B Z WY X RO B TR S
) S5 A AR 25 T 5800 25 1, T e T TR R 17

T T R ) A AR ek v R 158 2 1 ) R, S B
THDSH S PR s e, R AR I G
T S — s AR 4k BT R D7 T LRI 3 S 2k
2.2.1  EETFYbas—mt ik

BT G G g — R g 4 A 1 T 1 ] R IR TR
FH GAN Z5Fy AT 05338, BVEE T G 5 e — ik i 5
W3 25 M 1 J7 5 5 T G A A — T 2% —GAN &5
FIR T 1%
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2021) $2 i WU AR 2203 3 1 AA R 45, 3 T HFIE DT T
AR SR, USR5 A 25 0 S8 R A 2 0 il 1 D A O S
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U E RMAL , T BE 22 B 2 AR R AR, Dl 1
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454 0 RLACERAE Oy 2 U3 [A] A SR A4 ] GAN,
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B 2E 2] 8 s #2155 (Chen 45, 20205 Wen 55,
20213;Wang§‘? ,2022¢; Cai%E,2022).
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2021) KT = 4 T RRESAY 19 2% (Yan 45, 2020) Kk
T ¢ ik XUA% 1Y SpareNet (style-based point generator
with adversarial rendering) (Xie &, 2021) Fil Seed-
Former(Zhou 5§ , 2022a) 5 H AU AN 6] 2514 (14 b 42 B9 £
BKy . Ak, SK-PCN (skeleton-bridged point comple-
tion network ) (Nie &5, 2020 ) ¢ 1, 25 #b 2= X 79 0 25 #4)
fli AT AP Br B, Tang 55 A (2022) 1R
IO = g ey 2 NI R R38R 5 N | 20
PR O B 8 07 e S8 L OC B R XS 5 o Wen 58 A
(2021b ) 3 2 1 37 58 8% 5l 22 AR B A5 2 ] 1) 328 0
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TEMERE 5] AT Transformer( Vaswani 2% ,2017 ) {E
20 IR AR B R

3 ETREFINRZLELRBERZX

Mo ERAERAE S0 A E — A R =

3303



3304

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 11,Nov. 2023

ARBEIR H LA 25 415 B B T2 R, 3 b A R
B T AR B — N A i 2 o AR I 2% A 2
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(WangZf, 2019b) (Qian%, 2020) (QianZ%f, 2021a) Zhang%F A VPU PQ;Reﬁner I PU-Flow LiUpNet
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(Yu%, 2018) (Wang, 2021a) (Zhao%, 2021b) (Ye, 2022) (LiuSF, 2022b)  (zp0u%  2022b)
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Fig. 9  Chronological overview of deep learning-based point cloud upsampling algorithms

3.1 ETERMEMNBNAIE

Yu % A (2018) #& i ) PU-Net (point cloud
upsampling network ) & E MR E T TR = b
FRERIAEAD B LA PointNet++(Qi 25, 2017b ) 1 h 43
JE RSB SR , S BOF R EAF PR ZH T
BARRAE . FEFIER I, Yu S A (2018) R 44t
I RBU DR A LR TR I AL B R R AR, AR
T BRI A 2 5 1 o X BT 1 AR IR TP RICR
EATSICIE AN R S T, JRy i Al 1 B HL R . PRt
—2E bR AR R R AR > T A R
JRrHRRE A

Wang 25 A (2019b) 41 i — i 2 16 iy o UL
Hoh— R 5 HA RS54 1 ERAEITH R, T
AN R RAE R BRI s, KKRAETH T A R
FERLTU AP RE . Zhang 6 A (2021¢) LA U-Net(Ronne-
berger 4% ,2015) Jy J A , 38 37 FH 2 F PointNet++
T —FFE B T A1 3T FoldingNet ( Yang 55, 2018) 1)
R T S B AR AR AR S ) o LiSE A
(2021 $E i T — T s o FRFER AR A L HESE
Dis-PU (disentangled refinement point cloud upsam-
pling network) , 4 I SRAEAT: 55 43 Sl “HLRE— 40 4L
WA~ 2058 . PUGeo-Net (geometry-centric network for
3D point cloud upsampling) (Qian &5 , 2020 ) ¥ 25 B i
Or U S5 IR BE 2 ST A &, e e S M0 ] Hp o A
TR PRI B =4S ] 2Oy e Ah
FOFE T A I Bk ) i, 2R T T =
A5 B FEEE . A, SSPU-Net (self-supervised

point cloud upsampling network ) (Zhao 4§ , 2021b) 1§
UAR N THRT A B2 T WA = ERAER

IR, RO 5 LR TAREALER X PR 258
R, A% B IR R o XA,
Chen % A (2023b) 48 1} T — F 1 [a] LiDAR (light
detection and ranging) 5z B I R AFE 777 LiUpNet, i%
FEG | A—Fh3ETF Transformer( Vaswani 45 ,2017) Y
JRI TR AE S IO, LA SE B H AR A J b s i 5 A
PEFRAE

BeAh, H AR 2808 = ERAEFIEAR X B
WS = BEAT AL 3R, 2200 T R A A I ORI
BEXT XA ), Wang 45 A (2021a) 4 ] 1 3 25
BRI 1 LoREEHESR SPU, X T4 A Y 3 25
B PP A AT R e — B H RS 4 Y 5
SR, AN [A) T DLFE Y 2R T4 T HY il ERAETT i,
SPU HE 2R A I BE A~ A S AL DRI (S0 FH i
S R R CIN AR AR o BRI R R
Wang 55 A (2022b) E— 5 ) T — AT AN T B 41
T LRAEHEL VPU, FHAN T SR w2 F R It A
AT S A 5 AR T AR 3 B 23 0 5 U 57 94 P A
ES e

L5 LA MFE TR HE o 22 0 2% 1) SRR T 5 5
ilh, B T BB 22 R 25 (0 07 AT 2 i s b SRR UK
SRR AR o SR, A P T A RR M 2 I 2% 1 B A2
5 DT A ST Y LSRR SR, 2 o BELAG: I 4%
BRI 2 ST AR A9 (Liu 55, 2022a) , 8 ESRAE S A1
TEANT ARG . DI, B2 0 R0 25 45 (i AR A
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Table 3 Summary of representative deep learning-based point cloud upsampling algorithms

4% iy

Po/BR i A

PU-Net(Yu%%,2018)
EC-Net(Yu5§,2018) 5] AL phi%k

MPU(Wang%,ZO]%)) St B E [
>N TR TE S

PUGeo-Net
(Qian%£,2020) #i 23 A
HFHH SSPU-Net P& AR B R I OC R AT R AR AL )3 R A
MRS (Zhao§,2021h) ARSI RN UL R TE Y R

Dis-PU(Li%,2021)

SPU(Wang/«'ﬁ ,2021a)

VPU(Wang%5,2022b) JFEFANT WS 275 LoRAEAHES

LiUpNet
(Chen %,2023b)

FET PointNet++2% > 5 2 FHE

HESHBE— IR 2 RS

AIESEAL B2 = (FF A1) Y L SRAFHE AL

B RE AT T w ERAE HT
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FRIETE N A R AP A R AN HR 2T
ThRE R 2

Ik Bk 2R AE A AR B9 LR AR FRTTIR] SRS B 22 R G AR R AR, (H A R A

Rty

TE SR ) PO s AT SRS RS 0] = LAy 405 T, (H e AL A Bk )

R EFSYINP A

R/ GIPNER = 2 E el S

A DR AHEZ R S B 2 A SRR H AR
(o a2 MEAN LR AT e TH 45

T YA H 5 2 7 47 B4 B SRR S PEE AT B
SR (BSE T 7 B R K 4R
JHANT SR W At SPU T8 itk ATty
K (18 Fi 7 5% 32 BR Ay 1) A

FIAFET Transformer () Ry FRFFAIEPLICE 3k, 58 B AL TETHOCH B R SR B0 A
B AR IR s i B R R AT

= BREE R 2

PU-GAN(Li %,2019h)

il MPU B4 45 AIE $12 JBORE A O 2 148, OF B 8 UCR T GAN S5, (HIFCRM L B9 g

PON 25 Fi . 1 AR 5= 4R AR oL
?AT\I PU-Refiner SIAGIb R, 454 223k Transformer, #E— 038 G5H9 405 A5 40, H5] A GAN 4549 5
(Liu %% ,2022a) oS Ty %3} Transformer, 25 45 Xk )1 25
ZSPU(Zhou %% ,2022b) LI S AE A AR S 46 T R T Y214 5 2% B RN T Ak B R A
(&ﬁgﬁgh) P B B LT FUE R AR IO BRI L RRE , HLIN A R AN
Meta-PU(Ye,2022) 3£ 7023 U MM , A5 THE FRRER  SORRE 2RIy | SRkt
PU-GCN B T T RSB0 RO R BRI, o oo
pEe  (Qan.2021)  ETEREETAN LR SR G WHIH R, M AR
Sl . 5 SN RAT S PME R E A KR , s
o LAQ02) U ORI AR, T AR

SAPCU
(Zhao%:,2022a)

NeuralPoints

(Feng%§,2022) = [oREE

K i BRI E SO AER i T vh 4R
ol a5 B8 B A B R A )

ML ERAN R T, B TR 2 H S

FUR[FISEBE A W AL R ERAE

T 25 5 4 SR FR) R AE , SR
RUER) bRk

Xof 470 0 25 I S FRES K ) B g I A B = BoRAE T
e
3.2 EFGANWT*

B F] GAN Z5 A4 7 B3 AR 27 > 75 T B9 FOR
PEF, Li % A (2019b) B R 223806 GAN B F i =
R A, T PU-GAN (point cloud upsampling
adversarial network) . H: H , f#f F§ MPU (Wang 55 ,

2019b) HRFAE B BURS B A A B2 DA A g Ry 2 4
B 2, TRl SR A s A 4 M 2% PCN(Yuan 45,
2018) 45 F4 i 46 il i Xt A 1 skt = EA T 030 OB
5 . PU-Refiner(Liu%%,2022a) % 15 PU-GAN(Li
25,20190) R EEA , FE 51 A T aifbisis, LA K
(R bR AE S B RREAE S Al i 2 3k
Transformer ( Vaswani 2%, 2017) 7 U A %5 #2 45 40F
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SCIL SR AT B i — 2L 8% . ZSPU (zero-shot point
cloud upsampling) (Zhou 5§ ,2022b ) W &A= it
ZRAELR B T RIS s T ARAN T s AR g i —
AR R FoRFEDTYE ikt 1 PAL BEAN T A0 9R I
RARMINGRBCE 08D T YN AS i Rl A a]

M TAL GG 2 2%, GAN REf% 38 i 2F
UL s RIS 3] 5 2 ) 0 T, B Gl ) s A LSS
OIS R AR, PR AR A A 2 TR E DL
7, W I 2R GAN BB — 2 A9 PR AR (Li 5%
2019b) .
3.3 ETESERMEMENTTE

% & 3| K B AR 2 2% (graph convolutional net-
work , GCN) 76 52 U= [A] 4R 45 b i A 34 (oo B
45,2020 AR 4, 2021) BT 24 0KE BB R ZE H
BT s EoR#E . PU-GCN (Qian 5§, 2021b) 1E
GCN(Li %5 ,2019a) By REAl_E 52 1 T 3 25 545 A48 1
5 B DenseGCN 4

Flexible-PU (Qian 5 2021b) . Meta-PU (Ye 4%,
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clouds upsampling) (Zhao %5 , 2022a) . NeuralPoints
(Feng 55,2022 ) S5 R & 1 4nn] A1 FH [ 46 AR S IRAT 22
RIEW R = ERFE. H A, Flexible-PU (Qian 55,
2021b) 3 T JEy HB LA £ 44 LA F 1 R M 27 ) 3 fELAY
H . Meta-PU(Ye 55 ,2022) 3 T 0% ~J ok Tl % 2%
AL, I Sh A MO A~ e R 7, DASE R 3h A R
= FoRAE
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S5 Ay FA I T R BAE N MBS AT I 25
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PointCleanNet

NPD TotalDn (Rakotosaona
(Duan%, 2019) (Casajus®, 2019) %, 2020)  (PistilliZF, 2020)

[

Pointfilter
GPDNet (Zhang%, 2020) DMR
(BFFE 45, 2020) (PistilliZs, 2021)  (2021) (2022) (2023a)

R, B2 0 TARRE T IR AR 5 1R
(77 % o Mao 55 A (2022) #2H1 T 5 =5 E R FEHEZE
PU-Flow, {§ B AR Ak it 09wl 35 58 7 , JC4i 72 WL
FLAG S Ao A Z [ 3% 4 5 5 o SPU-Net (Liu
85 ,2022b )38 i T SRAERY AN T R A2 SRR T
A A B AR s FoREE il R —A01e”
AOAE 28 K A $ A0 A4 R 48 T EoR FE RS PERE .
BIMS-PU (bi-directional and multi-scale point cloud
upsampling) (Bai 45 ,2022) W3 i 25 & 1iE 4 35 45
FFIRLE) b/ R R AR, 774 22 RUBEE SRR 2 IR,
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B w Z BN T, s BRI SS R
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RePCD-Net
(Chen%s, 2022a)
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Fig. 10  Chronological overview of deep learning-based point cloud denoising algorithms
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Table 4 Summary of representative deep learning-based point cloud denoising algorithms
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M PEATERAE . B BB RNN 7R IE SR 5 75 Wi #Y
L, RePCD-Net (recurrent point cloud denoising net-
work ) (Chen % ,2022a) 531 1 4 P CHERTH . Z R
SRBCRAERLL 22 R RHIE SR IR 22 RUBERAE SR
DL K R 155 TRAMERRS S
B ZEAT T P B i A, 122 0 45 RE RS A L IR Y
(), B2yt P B IR 0 5 B SRy B LA 25 A AL

5 MEEEITAS

A R S B R IEAT T A O T
0 TR RE AR 1) Z R PP s b B HE IV
FEXF H A T AARMERE DU RE . A, ARSI
TU5 B SCHR B IR , T DL 542 htps://github.
com/LilydotEE/Point_cloud_quality_enhancement,

51 ERBESE
AN BT TR EE 2 2] 1 i = i B R AT

55 TR BB, 3R 5 s . B R Tl 4r
W25 1) N T A B 5z B , W0 : ShapeNet (https:/
shapenet.org/) , ModelNet40 (https://modelnet.cs. princ-
eton. edu/) , SHREC15 (https://www. icst. pku. edu. cn/
zlian/representa/3d15/index. htm) , PCN (https://wen-
taoyuan. github. io/pen/) , Completion3D (https://open-
datalab.com/Completion3D ) 55 5 2) L SZF F 3R B 15
= BP0 KITTI (https://www. cvlibs. net/datasets/
kitti/) , CARLA (http://carla. org/) , nuScenes (https://
nuscenes.org/) % . i H H % N s sl LA R
= Y AR 5 17 B (U ShapeNet . ModelNet40 45 £ 4
PRI R — = AR5 TR ), J5 2 I i LiDA-R
RGB-D HHHLAE = 2% s R AT 5]
5.2 iEMMiEtR

AN G T LR 2 B T s i b o
REVPAN BOIT- O H8 b5 , T X L EAT A0 S 2

Sz RS B B PEREVEAN 46 b 32 A (B A R

x5 ERHEELSE

Table 5 Summary of commonly-used point cloud datasets

FE KA

G/ S FERIFAG A WY WA A Rt
KITTI Odometry . , YT A B SR . G2 BN
o APl 64 koL H L  REMSE  10° Mz 2012 o
(Geiger§.2013) R 64 SR HOLHE, IARE RS SN i A b
NIAFAEIE : "
ShapeNet R TAE, = CADRE e b TN
(Chang % ,2015) https://3dw.arehouse.sketchup.com/ 10° 3 0004251 5l 2015 % Z, Bt
https://yobi3d.com
ModelNet40 SUN $i4fi /4 10* iy, Wk, 5T CADHE 2015 LR, AN
(Wu%,2015) https://sun.cs.princeton.edu/ 4042551 1 L)
NS
http://www.cim.megill.ca/ ~ shape/
benchMark/ ik S R
SHREC15(Lian 55,2015 10° ; 3D Mesh 2015 ZEFA fa]
(Lian % ) https://tosca.cs.technion.ac.il/ 3025 s GELES
https://shape.cs.princeton.edu/
benchmark/
CARLA (Dosovitskiy %% , MHL HOLTHIE LRGN 2Kk AE Wl A SH%  fzask 017 FI 8l 2 BT 5
2017) WIS X EAE7E 3D Mesh s
R, B AR, IR A — e N
o _ " ) ) B )
PCN(Yuan%$,2018) ShapeNet 10 8 N 2018 s
Completion3D R+, 1%, RHLL IR — ZERTRT B, St
. ShapeN 10* . =8 2019
(Tehapmi % ,2019) apeet o “ R
ShapeNet ,ModelNet40 M ATN i1 — BV SN |
PU-GAN(Li%,2019b . 10° s A 2019 -
(Li% ' SHRECIS% 8% “ 72
nuScenes AEPL 32RO IE B EEN 10° W A SR gHE 2019 Yise B0 BN
(Caesar4§,2020) AP IR E2 3 B, R RARTED
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(chamfer distance, CD) . fifi #i #% 2 5 55 (Fan % ,
2017) (earth mover’ s distance, EMD) \ 5£307 2 K i 2
(Berger 5%, 2013) (Hausdorff distance , HD) K& 55 %] [fi
5 25 (point to surface distance, P2F)%% . 21 F5 5
(R0 A R L R EAG vk gk 6 B .

DEfAIEE CD & Ll
1 .
(8080 = 5 S minlle oL+
1
5 2 minfy - (1)

A, S, S, R R B IR N = AT 54
M2 1 AR S, AR — AR B A S, i i/ N
L5 2 TR S, AR — A B AAE S, YR/ NS
Z M,

2) Fifi MR Bl B EMD %E XN

1
dEMD(SUSZ)z (plrsnijls ‘S z”x - @(x) ”2 (2)
i 2 1]xes,;

X, D: S, — SR SEES B S,, (X5 N2
(] 35 B B 5 /N — g, AT R e AR R SR A
3) ZEWZ JHE B HD &
duy(S,.8,)=max(h(S,,S,).h(S,,S,)) (3)
LA, h(S,,S,)FA(S,, S,) Bl EmSES, B A%
S, i M I R FE B R E S, BN AAE S, Fi i
SN

h(S..5.) = max min | x - v (4)
h(Sz,SI)Z{gabyf ggisr}||y—x|| (5)

4) 15 B A FE RS P2F 5E UK

Ay (S,.B) = ‘Sl S d(x.B) (6)

X, S, R HA & BERRIEIART , d(x, B) £
IR s T — 5 R R T 2 8] i dRe /N
5.3 mETihEMEEET

AN FE TR 2 2] B LR et i = kb4
T AT T HEREXT L, T 45 G 28 S5k X RE 4
AT T 53 HT o

H T0 i k2 R 28 AT IR, AN R A i 45
5 R B AR 25 5 Sk 1 B AV RE BRI 2 A1, ER O3
DAL S T ZE UMY AE B, N CARTE R 1450
St B AN SO L T AR R A Ik
MITERE , IR T—R 9PN .

%5 AE ShapeNet (Chang 25, 2015) fii A ¥
£E PCN(Yuan 5% ,2018) b AP REXT b 25 5 4n <k 7 b
7~ , £ 4E U5 T MSN (morphing and sampling network )
(Liu % , 2020) . CRN-self (cascaded refinement net-
work with self-supervision) (Wang %5 , 2022¢) | PoinTr
(Yu %5 ,2021) . PMPNet (Wen %5 , 2021b) . Snowflak-
eNet (Xiang 5 , 2021) . SeedFormer (Zhou %5 , 2022a)
I PMP-Net++(Wen %5,2023) . Al AFEH], 545 T
BATHLE, 5 FEAE Y 32 B KR K42 T, PoinTr
(YuZ%§,2021) . PMP-Net++(Wen 25, 2023) ¥ 7E 45 47
YIE FHUS THR M . SFA-Net(Zhang 55 ,2020b)
5 CRN(Wang 55 ,2020a) 45 K Y PERESR T, ELWLEPIIE
TR R —A0A” 2 B Bk 7 4h 4 1 g ) SR 2
AR HAEHE R . SnowflakeNet (Xiang %5 , 2021)
A PR RE SR T B = R, SRR W] TS
GERFIE AR RS H 1) 5 A6 U R A RN 2 . 2 280 a5
= AR e AR A R — > 1 S R B s A AR
Y R T K LA R TV Y A

F6 ERAMRZREERITNIEREE

Table 6 Summary of commonly-used evaluation metrics for point cloud quality enhancement

- P LT (TR WAk
5~ B Y ey Al

R (D) ﬁﬁgzﬁﬁkmz”@*“m AR CD B/, g5 2% 2 ] 2 22

o TR ZREAREAIGZ oo EMD RN B S I 2 5
i 3t %% 5 B 25 (EMD) 122 R PIANE A B9 R — 2 Bl
N N Sz T PR A 22 T 1 R HID /1, 3/ 5.4 2 ] DG i
SR Z B (HD) R T TORFIRER B U]

= BRI X H 23 kb K N L R B D s

SRR () WM SR o AR AIRASIEAR P2 i PR R R T

(Wang%§,2019h) RS
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Table 7 Comparative point cloud completion results on the PCN dataset

CD/10™
4325 FEiA
P WL T ORE BT AN Ak =T Om
HF AR Ik GRNet(Xie %,2020) 8.83 6.45 1037 9.45 941 796 1051 8.44 8.04
FoldingNet( Yang2%,2018) 1431 9.49 15.80 12.61 15.55 16.41 15.97 13.65 14.99
TopNet(Tchapmi Z§,2019) 12.15 7.61 13.31 10.90 13.82 14.44 14.78 11.22 11.12

BT G B A — i i A 4G

PCN(Yuan%,2018)
) T5 3% N

MSN(Liu%§,2020)
PoinTr( Yu%%,2021)

9.64 5.50 22.70 10.63 8.70 11.00 11.34 11.68 8.59
10.00 5.61 11.91 10.32 10.19 10.69 11.63 9.58 9.90
8.38 4.75 1047 8.68 9.39 7.75 1093 7.78 7.29

BT G i g — A A8 —GAN
e A liNDRES

CRN(Wang 2% ,2020a)
CRN-self( Wang %5 ,2022¢ )

851 479 997 831 949 894 1069 7.81 8.05
829 480 994 931 878 866 9.74 720 791

SFA-Net(Zhang %5 ,2020b )
PMP-Net(Wen %,2021b)

AR FH 2 % e — e B e 225
PMP-Net++(Wen %,2023)

8.06 4.76 10.18 8.63 853 7.03 1053 735 7.48
873 5.65 1124 9.64 9.51 695 10.83 872 7.25
756 439 996 853 8.09 6.06 9.82 7.17 6.52

5k . N
SnowflakeNet (Xiang 55 ,2021) 721 429 9.16 8.08 7.89 6.07 923 655 640
SeedFormer(Zhou % ,2022a) 6.74 385 9.05 8.06 7.06 521 885 6.05 5385

%8 7£Completion3DHIEE F S =4 hEERITLE
Table 8 Comparative point cloud completion results on the Completion3D dataset
CDh/10™*
e Y

WE WL AT RS BT B0 Yk O®T O
HFIRER Ik GRNet(Xie 5% ,2020) 10.64 6.13 1690 8.27 12.23 10.22 14.93 10.08 5.86

PCN(Yuan%,2018)
SA-Net(Wen % ,2020)
L T S R S — i R 35 TopNet(Tchapmi 5,2019)
At Jr ik SoftPoolNet(Wang 4%, 2020¢ )
VRC-Net(Pan % ,2021)

FoldingNet(Yang%¢,2018)

1822 9.79 22.70 12.43 25.14 22.72 20.26 20.27 11.73
1122 527 1445 7.78 13.67 13.53 14.22 11.75 8.84
1425 7.32 18.77 12.88 19.82 14.60 16.29 14.89 8.82
16.15 5.81 24.53 11.35 23.63 18.54 20.34 16.89 7.14
8.12 394 1346 6.72 1035 9.87 1248 7.73 6.14
19.07 12.83 23.01 14.88 25.69 21.79 21.31 20.71 11.51

A 2D P GAN CRN(Wang4,2020a)

L O[UPIRES CRN-self(Wang 4 2022¢)

9.21 3.38 13.17 831 10.62 10.00 12.86 9.16 5.80
9.13 335 12.81 7.78 9.88 10.12 1295 9.77 6.10

PMP-Net++(Wen 25,2023 )
S K o o — i i 2
g;‘;;“iﬂﬁ i 2 PMP-Net(Wen 25,2021b)

SnowflakeNet ( Xiang 45 2021)

797 325 1225 762 871 7.64 11.6 7.06 5.38
923 399 1470 855 1021 9.27 1243 851 5.77
7.60 3.48 11.09 690 8.75 842 10.15 6.46 5.32

% 8 M 4% 2 1 7F ShapeNet (Chang %5, 2015) i
A B s 5 Completion3D (Tchapmi 55 ,2019) [ A9 PERE
X HE, Bdi 5T PMPNet (Wen 4%, 2021b) | Snowflak-
eNet (Xiang 45 2021) .PMPNet++ (Wen %5 ,2023) F
CRN-self(Wang %5 ,2022¢) . H:H1, SoftPoolNet (Wang
& 2020¢) . SA-Net (Wen 45, 2020) . PMP-Net (Wen
5§ ,2021b) % AEPERE E 4 PCN (Yuan 55, 2018)

RN /N 52 O R P = i B | 9 L 1] 7021
BRI . VRC-Net(Pan 45 ,2021) % W43 3244
G5, LABRER A 2 R 588 5 0 BIE W 4y S
iy ARSI HEAT Y25, DL 2 SRR 4 T AR B 432 30 1
BAH, I — Mg T AN RCR . CRN (Wang 45,
2020a) 5 A T JZ AL FRE 40 0 28, 3 P i R 21 240 1Y
MG BEMS DRAE A 42 i = B2 R AFAY A5, AHHL Soft-
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PoolNet( Wang 55, 2020¢ ) R S 41,

A5 BB Y 3 A7 R 5 N A T O a2 9 B
7~ , B PR VB T RFNet (recurrent forward network )
(Huang % ,2021) . MSN (Liu %, 2020) K T S8 0
RS AR AT B, Bt 1 ik 2E M Lg T A R Aifk,
B R R IR R B, AT B AR MR . SFA-Net
(separated feature aggregation network) (Zhang 5% ,
2020b ) i 1 K-35 <8 5 2% 52 BT RLBE 50 25 B RAE AN
b, 7 R T IR A . 17 RFNet (Huang 5%
2021) i iod 3 U A, MaRE T J AR F) 18 1 R
HBRFEAR T 19 28 B S B0M N A A, B ply 1 s I T
JEOR, I A S AT U AR T T

25 L RTIR B R s AR ST K, & TR R
N S AR R SR A A MR S
B PR A RIS TR i P 45 7 T AR S T Wb 3
A5 Tt (AT AR A AE — 5 B9 JR) BRAE , 20 Wang 55 A
(2022d) 53 1 ¥%) HaE B A HM A  (H PR RE T 2
R MU ) Kl A SN i A o A, BRAT Y
JoRaw | od S RES Ok DO KR /LE N TS &S )
5 22 R A 37 55 v Bk ol ) A A D 4 R R R R Y

A 1
5.4 A= EREMEEITM

AR /NS R TR P 2 o LRI et s - 2R
BEIT LT T PEREXT H , 45 6 I 25 &5 44 X e et
AT ST R i

ZIRE = LRFEIXTZ A5 N T A B %
M RZIN GRS s 2, B FRFER AT R
ZRE. UL, AT 43 0 38 BT 76 PR S0 4 1 MR
] R AR R TR B AR ERR, Wk 10—
L1208

i T KITTI S0 4 (Geiger 45 ,2013) B = S = |
KA I T LA M T B, P T X LiDAR s i 2R
FEJTEEAT R B0 M), Chen 25 A (2023b) (i 15
KITTHE AR A LA CARLA [ 3125 3 41 2% ( Doso-
vitskiy 45, 2017) £ B & B T 0. 3R 10
bR B TE CARLA 4D 88 05 BRI 1052
Y45 BHRIE T LiUpNet(Chen%,2023b)

W% 10 fF 7% , MPU(Wang %5 ,2019b) il PU-GAN
(Li 45, 2019b) R F % 45 3% 12 5 W 4R B AS 7] )2 9 e
TE, B 7 Az S iR AR R 2 T R B DR ek g

®9 RRERZIERBMBELEISLL

Table 9 Comparison on efficiency of representative point cloud completion networks

" R IER
FERT/ms PFF/MB LR S AV WAF/GB
PCN(Yuan%,2018) 6.68 973 32 0.3 11
TopNet(Tchapmi%:,2019) 5.09 732 32 0.23 11
MSN(Liu%§,2020) 20.16 1417 160 0.23 8x11
GRNet(Xie%,2020) 5.92 1719 32 1.09 2x11
CRN(Wang?%,2020a) 9.22 973 32 0.27 11
SFA-Net(Zhang % ,2020h) 104.80 973 8 0.67 11
RFNet(Huang %,2021) 9.00 710 32 0.23 11
#10 ZECARLAGEHEE AR ERIELERITIL (LIDAR R =, ERIFZE 4x)
Table 10 Comparative point cloud upsampling results on the CARLA dataset (upsampling ratio: 4x)
S ERZR CD/107 EMD/10° HD/107 FERT /ms
PU-Net(Yu%:,2018) 3.534 4.027 28.170 10.04
3T CNN MPU(Wang %,2019b) 2.371 3.152 23.327 10.86
LiUpNet(Chen %5 ,2023h) 1.684 2.017 13.682 11.10
JLT GAN PU-GAN(Li%,2019h) 1.922 2.350 17.753 14.28
HF GCN PU-GCN(Qian %,2021a) 1.867 2.147 16.269 8.83

3311



3312

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 11,Nov. 2023

F11 HEPU-GANHEELAR LREXTR A EXRBEERMLL (ANKGR/MAERZR)
Table 11 Comparative point cloud upsampling results on the PU-GAN dataset

R 4x R 16
I3 gk
CDh/107 HD/107® P2F/107° CD/107° HD/107 P2F/107°

PU-Net(Yu?%:,2018) 23.61 13.91 10.02 20.70 15.49 12.16
LT CNN Dis-PU(Li%E,2021) 13.79 11.83 7.14 12.75 13.65 8.09
PUGeo-Net(Qian 55 ,2020) 11.26 3.54 2.14 3.58 7.14 1.94
FF GAN PU-GAN(Li%§,2019b) 16.79 9.36 7.04 11.89 10.81 7.48
PU-GCN(Qian%,ZOZla) 14.74 11.97 6.36 11.37 12.69 6.95
3F GCN Flexible-PU(Qian %%,2021b) 11.18 3.74 2.09 3.51 7.20 1.90
NeuralPoints(Feng% ,2022) 8.17 3.08 1.59 3.35 6.52 1.49

F12 RRUEAZ ERERB M BT LR

Table 12 Comparison on efficiency of representative point cloud upsampling network

REEA 4x REEA16%
ME/MB i) /s HB/MB 1) /s
PU-Net(Yu%¥,2018) 9.4 0.011 23.0 0.120
HT CNN Dis-PU(Li%,2021) 13.2 0.047 13.2 0.085
PUGeo-Net(Qian 5§ ,2020) 27.1 0.014 27.1 0.017
HT GAN PU-GAN(Li%,2019b) 7.1 0.011 11.5 0.046
PU-GCN(Qian%¥,2021a) 1.8 0.012 3.0 0.039
#T GCN Flexible-PU(Qian%%,2021b) 4.7 0.014 4.7 0.018
NeuralPoints ( Feng % ,2022) 2.5 0.015 2.5 0.017

PU-Net(Yu%,2018) A T3 K&, PU-GCN(Qian
5 ,2021a) 7E 45 R 5] ARG B | 5 47 2 2] 3
PR (S A SN i B I s o =1
LiUpNet (Chen %5, 2023b) 2 — 3 £ X} F LiDAR £,
P FORFER O RR R T T TR
FIHLH B FEAE B B A T ROE 0 R AR . I
A, DR 28 38 2ok REAE — BOPE 27 S RIS R U T A R &
B AN TR L, ST AR PR

YT HX R =, REBUS = FRETE
5 H PU-GAN (Li %5, 2019b ) H T 2% FH i) B 42 1 47
g, R AR FRFERT T ERAE AR
PU-GAN #5045 [ i) 52 50 45 2R, 2048 U3 T Neural-
Points(Feng %,2022) .

W 11 iR, Dis-PU(Li %5,2021) 51 A T “HLkE
— AL HESE i — ARG AL T s B S5 A A
fiIEFE F R 4 x (1 RAEAE 55 Th iR B Y 2R
FES) I, B T AL BE , 1 A = 3 6 o3 JL AT

ZIF R T7 1 PUGeo-Net(Qian 25,2020 ) Fl Flexible-PU
(Qian %5 ,2021b) ZE W 47 AE 25 [0] A4 BR 1 , 1 — 2 2 55
T EoRFEMMERE . BAh, am X R 10 fER 11 &
B, 3T B B 2 N 4% LA W RO LR AR
i1 Y Flexible-PU (Qian % , 2021b) Fl NeuralPoints
(Feng 5 ,2022) FE AN [A] b RAEZRAG M BEXT L 3442
T B AF TR

TR R = FRAEEAL I 1T 3 5 N AT
di B OLANER 12 fos , Hedp R/ = 1, BT
NeuralPoints (Feng %5 ,2022) . Al L&, “HIKE—40
A" HE SR S 3 Dis-PU (Li %5, 2021 )RR B4 & I E T
o M B ARG A5 25 T = A D ARRAE S AR
PU-GCN (Qian 5 ,2021a) 76 SR UE I RAE it i 19 i $2
TR T S AR A AR B TR B TR RN
JE FRFER R, 7R R A SRR I, AR A2 3
TR

ZE LT, s LR AR 2 2] 5 = R By
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TiE, DRAIES5 #4255 4 8 N ol /5 18 4 3L 1] 7y T 4R
TEAN W 5 20 (B HATY A7 AE 32 T 25 8], R 91 02 T 1)
LiDAR i 5 19 LSRRI, AT 61 3T LIDAR 53 25
B T AN Y A 1) R AT R B )RR R 2 > SR
Ko b RAEFE B AR IR B T 10 2 —
5.5 RnRBMEREITM

AN TR BE A T I LR AR A i K
i AT T HEREXT LU, 456 P28 25 b X P RE XS L
SERIAT T o3 HT .

HT T ) 1 2 25 MR B 2 X ) M 7 2R A
[, £ 35 AR MR 7 S R A 22 5, DRLRE AR /N (S0
It DMR (' J1 3% 45 ,2020) . PointCleanNet ( Rakotosa-
ona 2§ ,2020) . GPDNet ( Pistilli %, 2020) . Luo £ Hu
(2021) LA K Chen % A (2023a) % 5 A5 35 16 PU-Net
(Yu5§,2018) Kot B b 3F 45 1 [F) 1 e 30T e 75 1) B

RO I T R RE G A SRR, R L2 13, BE TR
T Chen % A (2023a) . H: ', DMR (% JF 5z 55,
2020) FH P T RAE— LR ER S = T
R E W B 2537 B BN B IR B, Rk TR A A
B HCEREANEE o 1T Luo A1 Hu (2021 ) R H M 45 1
O3 AR AR X W 2 ARG VA, IS T PR RE AR
Fto Chen %8 A (2023a) FEHELAIl_F 51 A% ZL86 JiE
Yl v W48 FIE R A, i — 20425 T S = B E i
i, LR S ZROP 8 1 s B

ZE TR B AR R R R T IR 2= 2T 1Y)
R R MR T S ) BB AR IR R
S W U 254 25 7 TR AR S T R R gk 25 (LTS
AEAEER X AS R M i 2 A e BRI B e 22 B AR
TR 22 M, AL, AT KA B LIDAR A
75 I Ze MR A/ | 3 SR A Sh R T g )

Fz 13 PU-Net#HiE&E FRRMEEXRE R ERERTLL

Table 13 Performance comparisons of representative denoising algorithms on the PU-Net dataset

/107
R 10 K RUBGIIRE .50 K
ik 1% Mgt 2% M7 3% Mg 1% Mg 2% Mg 3% M
CD P2F CDh P2F CD P2F CD P2F CD P2F CDh P2F
DMR(Luo%%,2020) 4482 1.722 4982 2.115 5.892 2.846 1.162 0.469 1.566 0.800 2.432 1.528
PointCleanNet(Rakotosaona%#,2020) 3.515 1.148 7.467 3.965 13.067 8.737 1.049 0.346 1.447 0.608 2.289 1.285
GPDNet(Pistilli 55, 2020) 3.780 1.337 8.007 4.426 13.482 9.114 1.913 1.037 5.021 3.736 9.705 7.998
Luo fl1Hu(2021) 2.521 0.463 3.686 1.074 4.708 1942 0.716 0.150 1.288 0.566 1.928 1.041
Chen %5 A (2023a) 2.353 0.306 3.350 0.734 4.072 1.238 0.649 0.076 0.997 0.296 1.344 0.531
B HEREXT HE , IEXT e As Rtk T T .
6 % iE (EAS 1 BB L, 3 2 5 2 TR I 90 7 1 14 I

BEE = HE DRI BOR B K & , =4 i = 1B W A
AL SE T 5 T i T A R R B 2 — o SR,
% PR IEAR O SRR OB R N R A, H
FRAE Y IR A5 25 B8 H AN SR i L 2
FR L 3K R 2 B i S A BRAN 23 Bl R T B R BE AR .
PR, X B i 25 K0 A o s A B o

RSO BRI Bk T IR 5 ) 1Y i 2 B 3 9 7
EEAT T &R X R s b e A m EREEM S = &
W 3 288 o 25 S o 8 9 5 3k R T B R A X L, X
AR TR S AR RE PR SR AR EEAT T4,
FJE A2 T 32807 b R A A IR v

Y S R s ST 7 N [ A S N A S ey o 12
TRk S B B SRR AL, s B RN EE T B A
WAL, 2525 25 MG I T /D W 7 Bl B A AN
SRINT, 31X 3 AT 55 Z [ A 4t 1 IX 43, BLF A A8
XE5A . i, #4425k (Sarmad 45
2019; Wen %5 , 2020 ; Huang 45 , 2020) 1Y 37 3¢ H 5 454
IR a BN 1S B SO L 2 048, T
B[], — 2 4h 4> TAE (Yuan 25,2018 ; Liu ¢ ,2020;
Cheng &5, 2021 ) 3 2 [ b 4= X 28 Hhofin A LR A A5
e AR B S = H A A BT R A 25 AR A B 45, AT
SCEL A R B S s b A, BRSO ik
AR AR TR S A 4 A TS (Yang 55, 2018)
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By 45 A MLP FU0 f % (Huang 55, 2021) 445 1 52
PHESRAE, LA T A 2 R 4 R, DA T S BLAR 4%
Mot

RS HET S = B s R 0.
K ABATSATAEVT 22 R A g R 1 [) A

1) B MR BE 2% 2 B3k ) B 15 2 R AE e )
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