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A review of deep learning-based point cloud denoising methods

WANG Xingtao'?, DAI Mengli', YU Jiakuo', LI Wenrui', MAN Hengyu', FAN Xiaopeng'*
(1. Faculty of Computing, Harbin Institute of Technology, Harbin 150001, China; 2. Suzhou Research Institute, Harbin Institute of

Technology, Suzhou 215000, China)

Abstract: Point clouds, as an important carrier of 3D data, are widely applied in autonomous driving, embodied intelli-
gence, virtual reality, and other fields. However, raw point clouds are often corrupted by sensor errors, environmental in-
terference, and reconstruction algorithm defects, resulting in noise, geometric structure distortion, and degraded per-
formance in downstream tasks. To address these issues, numerous deep learning-based point cloud denoising methods
have been proposed. This paper systematically reviews developments in this field over the past eight years. First, a five-
category taxonomy for deep learning-based point cloud denoising is established, encompassing PointNet-based back-
bones, convolutional neural network(CNN), Transformer networks, nontraditional networks, and unsupervised learning
strategies. The core mechanisms and evolutionary trajectories of these algorithms are analyzed in depth. Second, the per-
formance of mainstream algorithms is evaluated and compared on both synthetic and real-world datasets. Finally, cur-
rent challenges, such as limited generalization ability and data scarcity, are summarized, and future research directions,
including the development of all-in-one models and adaptive noise modeling, are discussed. The analysis presented in
this paper provides a reference for the taxonomy, performance evaluation, and future improvement of deep learning-
based point cloud denoising methods.

Keywords: 3D data; point clouds; denoising; deep learning; neural networks; feature extraction; supervised learning;
graph neural networks
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Fig. 1 Classification of deep learning-based methods for 3D point cloud denoising
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Table 1 Point cloud denoising methods based on PointNet backbone
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graph convolutional neural network, DGCNN) i Ht
RRAE, I I AT o0 b A R A0 O a2t G B R,
17 2 A Ry A T DL AR A M i =, (B A A By
HEETLART 4755 BT A7 AE B 30 0 3l P 250z, R A AT Ak
WAL FR— R BUESE o J5 R ATR 25 0]
RO T SO — SRR AL B, 4R TR T
BUC Y £ Y5 Score-Based™”, 1%77 A HE T
KX E A, M kM 485 2] Al T sl = 50 A
AR AE 30 B8, O A B B b T M 7 A RS
FAZSTA I AR IX B, 1% 0715 IR AR F DGCNN
VE R AE 42 RS , LU P2 A5 31 )= B B2 3 BT 5 1Y
AU R 3, Li %P 20y iz Oy ik, 5l
A2 RO B 75 1 4 R G e | 3 5 SO
fit,, 5 DMRDenoise # i[5 & M 75 S 30 A [, 1% T
YEBCTE 7 A TR G W A2 pR B R B0 B B TR g, i
ok 5 00 A P MR i A 347 (R 1 5 ASE R X R
MR A BE D PE . Wang FBT R T LT RE L
I 38 B R 2R B R 4%, 455 TR BRI 4%, G oot Fif
BILIT 18 Jmy 3 0 B B R AE, 40 P U 25 4 0 1 42 R
JUATE B Rl =M b 1 Herb, AR08 R AE 1 5
B A 0] I 7S R AR ) R AR RIS RV, 518450
() B YR P4 B 2 R R 7 AR ), a5k
3 2 it AL R A SR s 2y 2 R S 3 T LART {7 B A A% 3
BEAR, IEEEE AT U BIL 40 1 I 5C A B 50

TEEGIUER B, 5T ARSI SRS, FE L
flith . LT R A SR 56 15 B S KB U IR RN &
REME 1Y SR AR AL ) 2SR BE ) o Yang SFUOT 4 1Y 119 42
Jry IR T | 5 25 Mo A AR Y S A RRAE B HUL I 5
2 Jry R AE S| TSR M Rl G, BE T AN R0 25 A Y 4 JR)
IE i B 2 476 3 A 25 B AT SRR AR, B AR S 9
PRI 1308 3k 40 T B R ) 285 80 5 T A6 RO 295 i B
2 ROBEERFIE . Mao S5 42 13 T RGBT E

30 25 ) 4% ) VS A 25 () A s R MR AE 42 (point
cloud denoising in latent space, PD-LTS), 1% J5 4]
H £ 2% 1K 45 LU 2% ( multi-level graph convolution,
MLGC ) 42 B Jay 21 4 Jay 1) 22 RUBE JLART 235 #) ¢
i, I FL Rl 310 i AT 3 5 00 B3 BT A T A
22 M 25, A s DI TG 2 ] 5L e 555 381 v 7 25
], TEIZIETEAS [, M PR 5 i LR o
B3 18 B AN [ 48 2, 3680 3o 4 i MR P R DG 4 B2 I 0
T AR RIS TV i = o 3 — 20 Hll, Chen 55128 44
H RS L AR] Xk P o B I 4% ( geometric dual-domain
graph convolution network, GeoGCN ) gl & T 4 J51 JL
fay e, 58 LHE 5215 2R (real normal, RN) Al g $U17%
2% (virtual normal, VN ) 23 5l 45 Jay 3 5 4 J5) J L]
15 5L, B 55 T2 ) 5l 1245 B 2% (spatial-domain
graph convolution network, S-GCN ) 7£ VN $i1 2 £ 5
ENCVEEIE GRS JEC DRSS ELIUN IR N =R S
T ) 4 2= Mg 4% B 3d 1 32 B 4393 AT ( principal com-
ponent analysis, PCA ) fili i1 RN, F{-4i A 7% Z 38 & &
TR 2% (normal-domain graph convolution network,
N-GCN) [5] 08 4l 3 28, fie 28 Bl i 2 3R i 2
B IS Ry B8 JLART 40795 . PN-Internet'™* [m] i} figf £k
Rz F MR RNE S Al v 3 W6 A 5 BE AH OC 1y [R) 3L, 38
SUN R WO e A 2 I Py P S
2K RN 2 3 A R 2%, B S S Z AR L
AR G 2, R FH MK 21 48 1) 2% 21 X g A Ak
gL, o, Bk 2R W 2% R FH MLP e Tk
LAl T BT, T S B A5 W 45 i B TR
W TC S BB B — DA A A s i 6
Wang 60 $2 ) —Fh 5L FIR G 3 B 1 HLH 5 7040
VERECAY S = At s FE s 5
)V B T W I AT A e, R 42 BB TR I 3 A A
G RE S5 T B B ) B AR R IE, d A
A TS SR Ak o Bk ok B, R A R T
T TR R AL, MR P ] U R T SR T 0 AR
L3,
123 AT AR Z W &0 7 kit

AW T S AR S M AR R B T
CNN [ A8 ¥ 5 F GNN [ FME W 4% 3=
MR, K2 B T AT RIS . CNN 2K
J7 32 (B 3 2ok B 4E R L ) 2D R X R
+5 1M GNN 2 77 35 W) 38 5 75 A WRas 1] g gt <08 4%
B, FH W B AL B DL R & 4B URAE o 2R
CNN 2877 5 TR 9773578 3D 5 2D A9 5% i
TR, AT S G b B L AR R R B A2
R A Ak 3 A 2y ot T S Y DI, S R R A
Gy AR . GNN R IR AE oM = TR,
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Table 2 Point cloud denoising methods based on CNN/GNN
(NS5 Y3S
V4 SRy B i 25 patch 55 g — 4k e B2 P, I FHCONINOV 2 18] 2K MO e B0 A U 1 2, S
ZA]}LIEI o
BT REE S T ARG R 1) A 71, 8 532 2% DA R AR RAE S OT 2 REAR I 25,
Ak ALE B A =, PR B LATHRAE .
HGURE 5 AT R TR AR S A1 5 e P R B 2R, Sl 2 2 A B R A 1Y
OB, FFIRR TRk s i ok 250
BIENEE A S e E TS PR VR A R e 8
FH e R AR I A A AR IR 2R, SR & 50 5 R B BRI AL
P B B AGS R, A& N H AR B AU SO 5
BB BLS ST B4, RSP B .
DMRDenoiset™(2020) [ b antith), il id nl sy TR BRI A 0 S AR AL, Uil i AR I
Manifold denoising network T I P ARE SRR A 25 MR & A SR TS, S IRAE 8 5 E ek B Al T H AR S
structure®(2023) Y N RUTERE T B[l

Random screening-based feature Z& T-FEAILIRLEAYFRRIE R A Jr ik, @l & B 42 S SR B U R L5 2., BRR X 4R 24150 5370
Fm M s B B MR RE T
S5G FIE PR RIS 1 E AT A I A S MMEZ, 3 i B A RRIE S | -5 AR E T ik
M EERE
BT RS () S e 5 T R =, 1 29 A UM 28 S RO T LATARE, 455 T M4 5
BRI R e
filvE A2 R LT Yo (LSS 5 B PALR ), 505 5 Al 5 eI B AU A 4075
WA H A TR IR G £ ikl BB AL —Brk.
FIFR AR IR S 3R = 24 ERAE, G5 338 DGR RS 55k 2204k, SE2em

PRSI 7N

I

PointProNets®!(2018)
FP-filter®'1(2020)

Score-Based””(2021)

GPDNet*1(2020)
GPOD"7 (2020)
IterativePEN®(2023 )
SSPCNIM(2023)

aggregation*(2023)

AFE-GFE-FAGA™(2023)

PD-LTS¥1(2024)

GeoGCNP#1(2022)
PN-Internet®(2024)

HAM-PC®! (2023)

1.3 ETF Transformer M £& 1) 77 %

Transformer 3 1 [ 13 & I HLH 750 b K
PR B MO O R 1, B & M Z5 A L, Trans-
former H A H-A7 1T U E B A YER L, BT
BT I AT AT 55 ), 2T 8 Sk A
MR 5 R TE LA S i A b A ) i, DGR AD R
I E i LLOR B 55 = 923 B L S50 15 2
Bl 5, AL 23k A EZJTHLENH R 2 B 8O E
LRI PN SO 2 ) () AE DG PEACE, DA T4 42 < R S
)18 SCHO s B Je L 38 ok i st 0 2% AL R G iy &
Jey R SCAE B 2 M S 1 S s kAR, B S RS
T Transformer J5 ¥ (1 KM AR &

v
N e
KBRSt

5 EF Transformer B EMRETEX

Fig. 5 Transformer-based paradigm

TR =L R

1.3.1 Rk %k

Xu Z£4 H H B TDNet( Transformer-based de-
noising network ) ¥t 7 ) Transformer 2445 | A 5,
= FWRAT 55, ) T G B % — i AL 2 AE 2R 0 05 = i
ITRHIE B . Z T R S = A b5 B 5L T
AR I AR A, IF 51 A XS B T (relative at-
tention, RA ) ¥ 5 FREAIE 38 3k 5 [F] B2 11 H 38 bz Jmy &6
£B 38 K ¥ (adaptive local neighborhood sampling,
AS) B, 7F B L f5 K A (farthest point sampling,
FPS) 9] i KA SE Ay b 20 25 0 RAE S &,
PR WAE TR . S, MR 2 T S R rE
k2 2] SR i A e, I3l i Y & S R A
AL MR R e o BE R TR BE 2 > A5 220 Wi AR 1T 3
AHSCHE R ] @, Zhu %595 $2 15 T MSaD-Net, % M
A E T —FIRA AR ILE, LA
FH Transformer i #2725 8] I 494/ 1R SCRLIX 43
MR 5 B S LA 20, e AT I
Peo ZREHRE S B A5 VRS - IR B AN [R] R AE 38 0 1Y
TR, DTS 1) 4% 7 25 M B 8 T 22 b S I £
Xof Wi P N U 5 R AR AT
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Wang 2519 # i TPCDN( Transformer-based

point cloud denoising network ), 45 Transformer 5

JRy R —42 SR R RS AL o 32 B e AR AR R B
B [ 3 N R R LR R, AT AR s
Transformer( point cloud transformer, PCT ) # £t £
AL ) K R B RO 5 4 R S5 R R, I A R AE
il 5 A5E A i B VR R 1AL 2 R FRTE . Ren
AU — Rl Rl 45 BN 2% 5 Transformer (14 15
AR XU B B R TIGER, %7 %38 i 4 A 4
FRCasE i AN [R) s 8] 20 A RRAE 55 K, BT I AR AT
MRS A FlA CNN (¥ Ry #8F#1E 5 Transformer [
4 JRIRRAE . A3 5E Transformer A9 JLAr] JB 1 RE

$ AR D #5107 B 2 i (phase-shifted positional en-
coding) 5L A 1V # 4w % (base-A positional encod-

ing) P % 2 25 (8] G i 07 1%, A0 8RR U 5 = BT
PR SR 1 JUAAT A7 B R AR ME L
1.3.2 2 F Transformer M %-&9 7 &3+
RI3AHT ECP SR TF Transformer 1)
J7i% o Gl A Transformer B#] 2 FH HIERE T
HL A P2 K B B AR BOC &, 8 77 CNN Al MLP
A7 B AZ PR R PR, RE W8 M\ 42 Jmy i S THI B 4 b
X 53 ME 7S SR ZE R o BRI, 3K Fh 42 R B A Rg
E UL E KRR AN A 583/, FrifE Attention 1Y
TR TT Y 2y AR LG DA A B R A7 5
z o M4, Transformer il = 35 FH W 2% 1) 15 24
B OISR B ) RS RN 22 A M SR A R, LA
fuf 1521+ B BEOR B e A0 LART 48 755 SOAS B S e 2 AN 2
PRI B AR, A5 02 G Y HiT A BAR HE AT

& 3 ETF Transformer &M S =EBRFTE

Table 3 Point cloud denoising methods based on Transformer models

PIRENLEN

B 848

P HENLPHH 1) TransformerZ5 #4) LIE Be 5 2= 5040, i B 18 DR AUAE S FPS A e = fUak ik,

TDNet"1(2021)

F L FE A S AR T2 250, 4 2Rt SOOI R T LA

WA R B A | Transformer FIEIE FERE S 09456, HEA7 8 2 JRb g e i R 0o, itk

MSaD-Net*1(2023)

RPIESE T AR, -7 )R AR AR T 5 A R A A R RE )

3 SR PR SR | 4Ry RS A AR IE R 5 PR 3 A, B e Iy SR A7 B R AR I, 42

TPCDN!(2023
CDNIH2023) e L b

S IR 5 Transformer e 47 B A A S [E] O, 38 1o X000 208 R TR AL S 30 B A4 il

TIGER!'7(2024)

FilE, P71 3D Kz A B 2 R A R S SRR A 1 i

1.4 ETFIEEEMENF X
141 RAEMT &

Mao %5140 2 T —Fl 3L F 15 —fL 3 1% PD-
Flow 755, 181 4343 2% 21 FVERAF fif 25 S B0 MR 75 43
By o T BT A5 2 AR T A S M Y R
By A, FH AT b R AR T I 45K a2 I
TEAE 23 B), 38 o 38 T4 i 49 i A B S8 A G A 1Y
Y PERR B, WRVEAE RAR B R ME . 2T ik
T S5 B TR B SR A B A R 1 Al 5k
TE G5 — AT 300 HE SRR S BT 3 3) S A Pl 7 i 201
Chen S5 17 4 H — Fh I T 08 20 i 22 45 (recurrent
neural network, RNN) Y £ By BL 5 = 25 M 20§y
RePCD-Net, i i3 1 B 14 4 J2 F1 XL [a] RNN A5 B 512
BRI 75 0 B 5 L AR E S AWK R . %07 ik
i 22 ROBE I 380 R A 45 U= 3B R A, I 1) WL 1a]
RNN H i [ il & A [ RBE 05 B, s TR 5807
2 e [ A R T B W R B A T o
7] R

LT UREE 2 2 (45 R A S 80 K TTHRAL
AR 0], Sheng 45151 4 M 4% B G oS = J R M)
2% LPCDNet, 1% Jy v i o % 52 9% = # PR B O

i JE S ECRE R A AU RS AL, 75U 30K S 4K
iw IR, 58 1k2% > (reinforcement learn-
ing, RL) /& — Pl il oo 8 B AR 5 PR 58 19 28 B ok 2% 2]
AR RIS AL ES = I B AR ARAR P8 Y i
IR BEBEBNE, IF DL Rk 22050 H br
et g, 52 B v 2 2 i D SR AR, 3l
DB LB s MRt TR . A
I, PathNetP & YO 5 A 27 2] HEZR 5| AR S,
BT % AR B (routing agent ) 8 2 N B A i B £
TR MR PR AR o TNE 45 S MR — LAl SRR 2 Jily
PRIER, B Bl B AL 51 Ay e M 7S DX B RN AR B L AT
AR 43 BO TR 2 X 25 B A%, T X6 S 1 X0k R
AR, T EROR 5 MR B A

Vogel P —Fh B T HEE S S s
FWEHESE P2P-Bridge, 5 = MR BN RS S =
5T 8 = Z B0 AR s 8, 08 715
AR = e S R B R PR . PyramidPCDP?
S TRAIE A IR i Y I %, Sl 0 )= 4
5 S5 R S ML R 0 B R AR AL 4, A 2 R B
AP, TE DR AE RORUBE 25 4 6 B P 1 [] s I 52 40
B LA 415
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EXU, TR 1l KTk LRI 857

FEfR DL Ze b e AR = e T b i 5 R MR
[o] B, Du 45053 2% F W Kinect 1% J8% 2% 45 4 Bursa
LAY HE AT 25 [B) 6] 5 T4 B, 38 2ok 45 R 242 1)
26 B IR FE EMR AR S B AR BC U, 45 A IR
G NG UE P W S AT RS L XA ) = A
G3 AT AL A R s R R ), W AR B T
T RS 7 o) RO AE ) R s K W R 2% (plant de-
noising net, PDN)) , & %5 J& B J& 37 5 e AU E T 45 &,
BEGARIUL e . TER & s o 0 50 B Ak H]
J7 T, Lin 5850 $ i T —Fh 454 0 9 DBSCAN
ZF A PointNet++9 45 (19 5 ik, & 1) I FAb 2
W B R LS B R, Gan S50 F ]
PointNet++XJ b5 {1 J5 AL %S & Sl A fE i =
BE S FEAT ISR, DT i 2804 IR A i 3 i A
R A UE B o Zuo P 4 T 3T PCPNet 4244
1) PointAPL 3.3, i1 & J1 it fk )2 (attention pool-
ing layer, APL ) &AL et Ak 154, DA e K R i
I 1HT #2 (rocket tank panel, RTP ) 4 15 = 1 25 I ]
B, N T RS KT LIDAR 22 0194 5 2 [ 35 1 g
PRSI ), IS B2 R R A AL H
b3 a5, Seppénen S5 Fi2 1 T A Wi B 22 ] L ARk
SMEDen. %545 JG i & 5% >, a8 aod 22 [] 7 408 35k i
M asHERR A B DA E s 2R, JF 9T A RRIEAH
LI TE U AR 7 3%, R M ) i R 5 M A
5 P2 MR R . Liu 5807 5 —Fh Rl 20 2R
XL 2% = 1FE 58 F- A2 AL ( conditional generative
adversarial network on three orthogonal planes, cGAN-
TOP) 54 42 5 745 K B B 22 M 4% (linked dynam-
ic graph convolutional neural network, LDGCNN) []
A HERL, 52 B b ) o e 7 ol = AN Rl . %07
b R s R B SRS R T AR AR R AR T
SR FH AU 531 s 235 40 S S A XoF P 2 M5 TR B Be 4
£+ LDGCNN SE L2 ROBEAFIE Rl &, i 3 245
RS AR U S 4 AR Jmy R — 4 Jm R R DG TR
142 A FAHLM %07 Fkitd

TSRS | PR PR 28 N 2 K s Ak 2] AR AR Bt
ZAE, Bk TRRAE [0 05 A AR gE e =X, e 2
WER A BEAG T i AR A B SR B AR R Y
£ RE e R 2 W ) T, RV X S Ty VA A W SRR B
FiE AR5 BRI T AR A, {H 52 BR T v
JE 5 P, AR B Y ] AR e R L RL A
B 2 Al ), AT i B 22 0 A O 3 I AR b
FEECRE E Y55 0L IR, A OIS ] 25 AT
%5 bR FiRE T
1.5 EHREEIFE

SR E R BE TR Y O R AE A U R 2 bR

IR AR S 0 fi, (X B A 3 i ) e A
PEATY IR S B B FH A0 . 0 W 2 ) SR W 3l 1 4%
Wi 5 B B S5 R R ol S e R, T
ORI R &R W A= - STTBUNE % e
PRI G PR, DB e o3 A v BB R W AE T
JUI e . — 282 3k T LT Se g, A e ~F
PE R LG iR AR A BE S 2
FEF G830 7 P (U0 Noise2Noise®! 2844 ), F] FH M
YR N7 P UL ] %) 4 T B B G &R, 7 O HAH
R = T N B A 3 R U R 3 W T
151 RAMF &

3 TC Wi BB R Noise2Noise!™ 1Y )3
&, Hermosilla 552 & 10 17455 —Fh T2 = T8
5B 2 Ty 7k TD (total denoising, TD), il i 5| A %5
(i) 56 95 AR AR LR Je g6, it 1 AT 5] 3 5l
SR B IE W TE R IR G R LT, 256 Z R
16 T2 I8 A, 38 3 1 W 2 ST R o A
TR RS e 55 31 J5 i 1T, FEALME T S M i =
B RO, SE0E T A% G 5 vk T B U M —
HAE SR PRl . DMRDenoisel®! B i o845 &
To W B R R AL, SRR S S = A B
Yk, Chen 5191 45 ) JE T (&40 FIE 2L 5 98 % IR
B AR, KRGS A5 E B a4
A, VA IC M O s RIHI h s 2 Aa pm F0 L4 1 G
# o Noise4Denoise!® 3 i A B 95 AW 75 91, 26
TSRS O R — A PIAG, R R T
R PR AR B Z B PO FR, T2 2] B
S L RS LUK 6 B B T4 0 - Ma S50 FiT Zhou
SELOST B 3 T M 7R I MR R IR Y i, DA M R
S G B b A ST RS B A 5 R S pRi 4K (signed
distance function, SDF ), 5| A EMD ( earth mover's
distance ) A 401 2% R 2, FIFH JL AT — Sk IE 0 4k
245 SDF 1Effit, 8 i K e 5 57y SDF B8 7 1)
PO R RM LI LM, SuSECT R T A IR %
RN ZEHESR (self-supervised iterative training frame-
work, SITF) . 38 ixf B P A5 25 1 2 60 e 5 52 180 1%
AR B R M 75 B R AR 445 5 A 2 MR T 24 S 3
ToE 2,
152 RYBF D7 EiTw

RAGBW T ECh g5 F Rl %> W
J7ik o Jo M2 > R W GE oS24 AU B B LA
S B MR S e T ST, FTRE T N LA A
PSR, 2 il R L S P RO LR b e 2
B o AH B ET 2 T AT T I IS SRR 1 S SR

SRR BR AR . — T T, AN L AR 5 6 24 A

Gr b N R me i, 7 A it BT s 22 AR PR 5 D)
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S IR HLUCWR AR AT A 1 R s S, R Tk
TEAR S P45 HEZ AL PERE

x4 ETEREBEZFINEZERAE

Table 4 Unsupervised learning-based point cloud denoising methods

PRSI 7N

LRSS

Total Denoising!?(2019)
Graph-based
Autoencoder’®1(2019)
Noise4Denoisel*(2024 )
FET MR TE B AT L 1Y)

Jriklee (2023,2024)  PEIR

I T 2 T AR 3D i R, G| S [ Se R A ML, 515 2l i
& LT R MRS IR B RO 1 it PrB i o) 0 s, R MIE R A ) G
A, BSR4 R T T

T A OB I > LR ORI T o

Mg 7 S0 R 7 L DA B/ 2 M7 1 2 v 2 > SDF, Teit T EUia s s, 25 5 Se i RN LT — 2

2 HEA G e

21 HiE&£E

IR 4R 70 A R s AR L S 4 B
. 5 B FEHIRENTELIN 1 N .
22 EEIERR

1) 8/ 35 %5 ( chamfer distance, CD)

g 1 WA 1 2 ) 0L ) B T 47 A A B, Rk
AR TUAT AR, (EBNRR KBS S s 55%
M, BlAEEtEARX R

1 , , 1 , R
Dmm@—ﬁzggmwnﬁ@%ﬁymmu

Ao P AT Q 3 A P S s IS S H s p
g 70k P AN Q G = ey AR bR Il 55 |PIAD Q)
I35 R A A s R R
2) £ J: A B8 (Hausdorff distance, HD )
THE PR A 82 1] f KR 0w 22, T A DU
LM R BAATE W AL M EEUR, 2
PN =7 RN )

pEP

Dyp(P, Q) = max {SupnginquQ“p -4l
SUp,oinferllg — pll}
3) 1.3 A% S (point-to-mesh distance, P2M )
TR 25 W 5 2 3 i 4 XA R TR ) 1 35 B e R
B T IR POA% AT S RS R . s B AR
B E AN

1
Dpyy = N Zd(Pi, M)

K. NS H5HHER S p A i A RS
=Y S AR BRI, MO R A%, d(pL,M) AR
p; B A M P B e R

4) #5311 5 25 ( point-to-face distance, P2F)

e Y JUART 152 22 F8 b, 38 S IR T M ARG 1R
25 A S 1 TR A0 R R BE T, X A fU S A T Rk
S BT R A R

1 N
Ppyr = NZKP[“L’)‘":;J
i=1

X g HBE H G p X BT A AR 6]
Bt my 4 g, Ab 2R

x5 ERNESE
Table S Commonly used datasets
BARERA BIREAR BT 55
AL E 18 MNYINLIEAR AN ORI AR, 18 55 T B LR (Cansz A | Bk
PCNet M) FIE AT 4 (A AR HWERA), B TH S a8 S5 WEE=/MAFM  PCN, PointFilterNet
SIS RAER 10 1A
A5 604~ 3DHI (40MIZE, 20NIRR), A4 RIPE YA (40 Bunny ) Fl
. PU-Net NIPEPIE ARG 57, inBEZHE, SCRFMHL(10000 £ ML IterativePFN., Score based
P (50000 535,
AL 3D BRI, £ 55 DI, 249 51300 AL, G 42 RAE R
ShapeNet i 4 PN e v N, 75 I TSl Lot B 2R A A (e g, DO ety NPD, ECnet
AL 123114 3DBEEL, FECRIME R (IR T, £ 1. B, B E
ModeINet o S AW IR A M3 B F MR, LIRS 5 S A, DR, TPCDN
Mad TR SO L, TR EOLE A AT S, UFE
Adame i = (UNEHY) A ) AR S (L (SRR F1IR9%), % AT PointFilter, MODnet
o ParisTUC e W e U AR A A B R )
PO THRR P o _ ey
A2 B A (Kinect v1/v2) FIZ ALE A (fusion ) S5 5 dE, M IR 15 PointFilterNet. PN.
Kinect #JRBEZES (UNS5HGS AT [RIEE RONE RS A3 A AN[R] ), b i ELSC(E i e Infornet :

A BE RS RS, 3 T TG 5 0 LS MR P A R BRACR
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EXU, TR 1l KTk LRI
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23 RIUEEMEE S
26 45 T LA N = Fe R E PU-Net 21
P L A PEREXT FL A5 SR o SCB0 SR FHYA AN $5 RFE T

Wik, LI CD F P2M RN PE M R bn . DA T 1
B, AR T A BUE R B AT 10° 45 1Y R AR
AR, ZEE AR 6 RIS T WY SRR, R LA S

2 NS AR IO HE A 10K F 50K Y s, O B PE L JLTRAIE ORFRRE 0 S G il 5 B2 B iz
I3 IITEAN 1%, 2% F12.5% M K-y #5 m Rt ke 3 DR AT IR AT
x6 HEFHRAESGRMIRE PU-Net BIIFE EAMERERTEE (Dpx1075, Dpypx1075)
Table 6 Performance comparison of representative methods on the synthetic test set of the PU-Net dataset(Dcpx1075,
Dpyx1075)
10K points 50K points
Tk el 1% 2% M 2.5%ME 1% 5 2% 2.5% M
Ccb P2M CD P2M CD P2M CD P2M CD P2M CD P2M
PCN[ PointNet-based 36.86 15.99 79.26 47.59 104.86 69.87 11.03 6.46 19.78 13.70 32.03 24.86
GPDNet"! GNN-based ~ 23.10 7.14 4824 1855 5837 30.66 1049 6.35 3288 25.03 50.85 41.34
DMRE! GNN-based  47.12 21.96 50.85 2523  52.77 26.69 12.05 7.62 1443 9.70 16.96 11.19
PD-FLOW™!  Flow-based  21.26 6.74 32.46 1324 3627 17.02 651 416 1270 921 18.74 14.26
Scorel*” GNN-based 2522 7.54 36.83 13.78 4232 19.04 7.16 4.00 12.89 833 1445 9.58
PointFilter®™  PointNet-based 24.61 7.30 3534 11.55 4099 1505 7.58 432 9.07 507 1099 6.29
IterativePFN®!  GNN-based  20.56 5.01 30.43 845 3352 1045 6.05 3.02 803 436 10.15 5.88
P2P-Bridg’"  Diffusion-based 18.25 4.96 25.67 824 2849 1034 496 3.06 7.06 447 9.18 592
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Table 7 Performance comparison of representative meth-

ods on the real-world scanned Kinect dataset
(Dcpx107)
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PDFlow™% 14.27 19.93 3233 22.18
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U BART 256 7RG IG5k,

A IR B LSRR s T ARz
IR, 7 250 T BEE HL 50 Kinect 945 55 4
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