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Review of deep learning-based 3D point cloud upsampling algorithms

Zhan Jie, Xu Fan', Shi Yizhou, Ma Kaiguang

School of Electronic and Information Engineering , Nanjing University of Aeronautics and Astronautics ,Nanjing 211100, China

Abstract: The widespread adoption of 3D scanning technologies and LiDAR systems has established point clouds as a criti-
cal data modality for mission-critical applications, including autonomous driving, robotic environmental perception, and
digital archiving of cultural heritage. However, limitations in acquisition devices, combined with challenges such as envi-
ronmental occlusion and surface material reflectivity, often result in sparse density, non-uniform distribution, and reduced
geometric fidelity of raw point cloud data. These deficiencies significantly impair performance in downstream tasks, such
as 3D object detection and semantic segmentation. Point cloud upsampling mitigates these challenges by employing
advanced algorithms to transform low-resolution inputs into high-density, uniformly distributed 3D point sets, thereby
restoring fine-grained geometric structures of object surfaces. Advancements in deep learning have significantly enhanced

the quality and practical utility of point cloud data in this domain. This survey systematically reviews advancements in deep
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learning-based point cloud upsampling methods from 2018 to mid-2025. We categorize existing deep learning approaches
into two primary paradigms on the basis of their training methodology : supervised and unsupervised learning. Supervised
methods rely on high-quality paired training datasets to enable end-to-end learning of dense point cloud representations.
Within this supervised domain, we analyze four key methodological paradigms on the basis of their operational principles.
The three-stage upsampling paradigm, pioneered by PU-Net, decomposes the task into sequential phases: feature extrac-
tion using architectures like PointNet, GCNs, or Transformers; feature expansion via techniques such as duplication/fold-
ing, PixelShuffle-inspired mechanisms such as NodeShuffle, or novel kernel-to-displacement approaches; and coordinate
reconstruction through direct regression or offset prediction, often enhanced by geometric correction modules. This para-
digm is straightforward and widely adopted but struggles with arbitrary upsampling ratios and limitations in coordinate pre-
diction accuracy. The geometry expansion-coordinate optimization paradigm, exemplified by methods such as Grad-PU,
TP-NoDe, and ND-PUFlow, decouples the process. It first increases the point count in the geometric space via midpoint
interpolation or density-aware noise addition to achieve any desired upsampling ratio, producing an intermediate point set;
a subsequent coordinate optimization network refines these points to align precisely with the target surface. This approach
supports arbitrary ratios but requires careful handling of potential artifacts, such as abnormal points or surface shrinkage.
Generative models, leveraging frameworks such as generative adversarial networks, normalizing flows, and diffusion mod-
els, focus on learning the underlying distribution of dense point clouds, offering greater flexibility in generating high-
fidelity results, though often at the cost of increased computational complexity and intricate hyperparameter tuning. Surface
reconstruction-based methods, such as PUGeo-Net, Neural Points, PU-SDF, and APU-LDI, conceptualize upsampling as
a two-step process, first involving the reconstruction of a continuous surface representation explicitly through parametric
surfaces or voxel grids or implicitly via neural fields, occupancy fields, signed distance field, or unsigned distance field
from the sparse input and then resampling this surface to generate the dense output. This strategy typically ensures superior
geometric consistency and surface fidelity. By contrast, unsupervised methodologies reduce reliance on large-scale,
meticulously labeled datasets by exploiting the intrinsic geometric structure of the input point cloud to derive supervision
signals or by designing sophisticated self-supervised learning tasks. We categorize these strategies into four classes on the
basis of their core mechanisms for generating training guidance : utilizing sparse point cloud for supervision, exemplified by
L2G-AE, SSAS, and SPU-PMD; transforming sparse point clouds for supervision, represented by SSPU-Net, PPU, and
SPU-IMR ; constructing training data via downsampling sparse inputs, such as SPU-Net and ZSPU; and unsupervised point
cloud upsampling based on the twin-network structure, including UPU-SNet and S’U-PVNet. This survey details key
benchmark datasets essential for training and evaluation, including PU-GAN, the larger-scale PUIK, PUgeo (notable for
including ground-truth normals) , and real-world scanned datasets such as ScanObjectNN and KITTI, highlighting their
characteristics and relevance. Furthermore, it explains standard evaluation metrics used to rigorously quantify perfor-
mance, such as Chamfer distance, Hausdorff distance, and point-to-surface distance, emphasizing their roles in assessing
reconstruction accuracy, surface proximity, and distribution uniformity. Comparative experimental results across these
benchmarks are presented to illustrate the quantitative performance of representative state-of-the-art techniques. Several
compelling research directions deserve attention. A key challenge is the development of adaptive arbitrary upsampling strat-
egies that dynamically adjust the upsampling ratio on the basis of localized point density and geometric complexity,
enabling precise enhancement where needed. Additionally, improving adaptability to complex topological structures, such as
intricate edges, thin surfaces, and fine details, is critical. This task may be achieved through advanced feature extraction tech-
niques inspired by point cloud classification and segmentation or by integrating multimodal data fusion with complementary
sources such as RGB images or depth sequences. Addressing computational efficiency and real-time performance constraints is
essential for practical deployment in latency-sensitive scenarios, such as autonomous navigation, requiring innovations in network
architecture optimization, model simplification, and lightweight design. Finally, advancing robust unsupervised and self-
supervised learning frameworks promises to significantly reduce reliance on costly labeled data, leveraging inherent geometric
properties and novel pretext tasks to improve model generalization across diverse and challenging real-world environments.

Key words: deep learning; 3D vision; point cloud upsampling; generative models; surface reconstruction; unsupervised

learning
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Fig. 2 Classification framework diagram of deep learning-based point cloud upsampling methods
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RS BRSOtk 3D 73 () AL bR G I T B ARFAE S ]
HaoE 7R Y A (A A AT REAE TR ] . T SC-MSA A5
PO e 223k A2 WAl Bl AT imE WA ,
—DIGOR T A 2 RRE Y 1 E] OC &R [ AR AR Y B
A S S R AEE . 8T R4
GCN SR/ il ft 2 Ry R AR A HE T, Kim 2% A (2023) 42
i) PU-EdgeFormer W 4545 T EdgeConv il H & )
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RS T RS R E A BRI,
Zhao ZF A (2023a) 4 1 ) APUNet (attention—guided
point cloud upsampling network ) il 15 H: % 11 %) Dis-
Transformer % £ $2 B8 = FRAE . iz Bi e rp iy 2 3k
DisAttention F AL [ T 1 SCRFAIE Z 18] 5 AH 2L
PE R GIAT s Z B A R AR S e i o R S A
KNS RAEA P EARSS &, 3T A A R AL
L, DT B, B 2 S TR A 5 A DG 5 TE O X I
Z I YA . R4 IR BET Transformer (1 2R
FERRIER A ORI 2 R S5 i Ry T R L 5
(ERAEE W HAREIIT RS ARE NI
I, Zhu 55 A (2024) 2t % LET-UP (lightweight effi-
cient binarized transformer for point cloud upsampling)
i 33 BiTransformer B H S0 I i S RRAE R L. 1A
Yol i “AHALEAEDL A T Transformer AYA% 00 20 14 o

Horb Z B AL MLP K 52 (A R0 R R 4y —
(IERI RT3 A g e R D o N = P = B =)
ISP i AR A AL R B TR R Y A P
B XA 45 LET-UP 7 {2 45 Transformer 5% K
FHFEF7R BT (1 R , BRAG 1l J2 S I PE A 0K

2)FHEY AR . AR =B ER B,
FHIEY 2 el s B PR D BT . m sy
FREY JRAALRE T & i = 0y LT 4y il sefhfb I
R FE R 3 A B 5 M T4 TR AR bR AR BT 6
UTAEAR TR 27 A BOR TR R JEHES) T = ok
FESTURFIE S J 5 1 B RR L A0 , D0 17 S 52
il 5 47 B 41 | 5157 PixelShuffle (Shi 4%, 2016) J3 %
#J NodeShuffle (Qian 45 , 2021a) , Ff | fll &5 Trans-
former 2244 , DA K t5e 87 19 4% B3 #% b KA SR B (Rong
45,2024, X ST IATERHIEY R 5 T HRAS T R
W FRAEY BRI EE TR 2 . LU
R R G AR K ST AR AR R B BB 5
Pk, S AT BTV o

R2 FHEY RERMUHEETE

Table 2 Major advances in feature expansion module optimization
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Tk Tk sra
PU-Net(Yu%,2018) il S
MPU(Wang%5,2019¢) Sl W&
PU-GAN(Li%:,2019) i S
GC-PCU(Ding%§,2021) il S
PU-GCN(Qian %,2021a) % PixelShuffle
PU-GACNet(Han % ,2022) 2 PixelShuffle
UPU-SNet(Han%,2023) 2 PixelShuffle
SPU(Li%,2023) 2 PixelShuffle

PU-Mask (Liu%:,2024a) 5] A Transformer

RepKPU ( Rong &2 2024) 5] A Transformer

253 ST W RURFIESE L L SRAE EHT 5 5 AT IR A5 M i
TERFIEDY R rh 5 | 5 i (= 1) AR R 007 B AR Ak, B0 s o0 A 22 R
SR FHRL U — A 0 A 42 BEA7 25 46, up-down-up Z5 A PR RFAED™ J2

5 2] JURTRRE A A S 8L, BT 55045 5% ALl PRA5— 3

$£T GCN (1 NodeShuffle f5 FHEFFAE , 1 AR A5 B 4T 405
itk NodeShuffle 525 , 45 & SR BURFAE Y 3 7 S RE )

JH Transformer 8" JERFAE , [ 115 ML H2 42 Jo LRI 56 5

454 PointShuffle 15 T {ELH A , 34 3 _F R AL A9 AR Pk

K L RBEAN R FEAT 5 AR RD 5 |5 1 w28 B P 6
YR | R W R E =Wk I L L R I L A 2

PU-Net FIHG R L7 I 5l A il ERFEAE S,
i 20 ST R IR AE Y R o A AR A
B R ARAE , IR AE 2000 3 S 1 B R
BOHTRFAE , B DFEAE— MG I = % . X
— TR R ST B E T A (E R R R A A
SRR AR P T R SN AT, B = AR
fifp PR — BEER RN, i SIS 2 i A i A o A
FIABLE AL, VAL S A9 2345 o B4, FoldingNet

(Yang 55,2018 ) it izt 7 % fifp 1 - 4 JRy A 15 U
SCH — HE PR DFE , 2 PO S AR AR e o] =
A S 1S S L DS SO v 1
Wang %5 A (2019¢) # i 1) MPU (patch-based progres-
sive 3D point set upsampling) #F — 2 B E R AE
I, A PR RURHAE 38 5 AT E A (+1 F1-1) 1Y
— ULV L B, BT AL A, LA 5
o A B Z AR PE . Li %A (2019) 42 H Y PU-GAN
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(point cloud upsampling generative adversarial network)
I SR FH UL O] 24 o At Fi AR Y 2 i A O 07
6, I 51N up-down-up ZE M PEALFFAEY JiE . X251
T SRR AT R B R R AR L
RAERJRFRIE A 22 52 22 505 B R B 3R AE
ik, f i PR R AR R A R o X — SR sk
G T 2225 U1 2k, 25 AR T T AR AR AY A=
JRE T o SR, G T SCAY — Ak B 4 i 1 [o] A

+1

am —l
2N x 1

Wl 28 = A2 )5, R oA R RS iR 2 T LA R T
A — 2, FEAT B R LU 00 28 2 2% L
JER . MR — (AT, Ding 45 A (2021) 48 1 1)
GC-PCU (geometry-consistent point cloud upsampling)
SR U AR IR K, B 3 i 2 > T AR J LA R ik
Az A E LS, IR LR SR AL, 8 PR B
S A S =B LR —E & P Tr A
FEAEY AR GIHESRANTEL S BITR

1% 1 B

= N

2D grid

nee 5 % - NXC%J Pl i
N xC Eiil kNS = 1
ST PE: BHE . Bl
PNxC rNxC (D mEc PNx(C+2) PN *C PNX(C+2) rNXC
(a) PU-Net F1iE 772X (b) MPU 4#{iEY 7K () PU-GAN HFIEY J J7 X (d) GC-PCU F#iEY JJ73\
(&) QI =) (1~ 4E20) (e E AR fE)
K5 Sl Andr a0y RRRIEY /s 2
Fig. 5 Feature expansion via duplication and folding ((a) PU-Net feature expansion method (replication) ;
(b) MPU feature expansion method (adding one-dimensional encoding) ; (¢) PU-GAN feature expansion method
(adding two-dimensional encoding); (d) GC-PCU feature expansion method (adding positional perturbation values) )
32 FGOH 7y B R U PixelShuffle #24E R0 (BAEIZRd B b al R S EOARER SR . I,

& ,PU-GCN % | T 4 T GCN 1 NodeShuffle £5 £ i
FPRRIEY T o 25 HRE o e 3 3 Je A S S0 R
VA OB B SRRAE , A B BURAE G 1 = 10 )R
PRARIE A L L A T ] B ) S A TR, A TR AR
R AR P OR BT 2 A AL A FRAE R S T
T A AR TEILAERR I, PU-GACNet i/ —
AR T 20BN NodeShuffle BB 125 B i i
S TS AR AR 5 01 ) 8 Sl A A At o 24 A4
L H AR ERIS Y RAFIE, X — SRR
B A2 BT VBRI L B BEAT AR IR B S R RAE , E T AE |
KAEE AR P A AR R s R BRI LT . 2
J& , Han 25 A (2023 ) X 1F UPU-SNet (siamese network
for unsupervised point cloud upsampling) 1 #& T
TranShuffle FoREEFEL 12453 R H Transformer X
FARHESEATIEEY . Transformer 1) FH H 58 K 1)
ERE=WAL I IN: R € i K S ANSY TR N R
H1 55 Jr B A0 19 05 L L 455 4 Ja 5 R R AR A i BE B
PR R JRRHE , Pl ok B HERAE S A s %
o B SR Shuffle # 4 GEHE AT IS I A = A2 %,

Li %8 A (2023) 7£ #2 1 19 SPU (semantic point cloud
upsampling) FE 42 5] AT —Ff 4 5 - SR R B
(enhanced upsampling module, EUM) , 1% £ B i 15
PointShuffle 5 fie T 48 B (HA AR VLR E PR HLAR
WM& WS B o P B RBO RS i , 76
{RAE 45 R PointShuffle 42 i A A53% TC Z AN, 2E A%
2 FRFE SR B A ROR R B = 4 R IE ARG B 5
HH AT E M, JE PixcelShuffle 757 3 A il
YRR GIRESR U 6 PR

B HITTR B o > 07 W R L FORAER D e
YR A 7 R, 33 ] BB ERAE U AT A
BEIFARNLNS . s FoREEA FJE— Rl
Brreid A, W E AR AR S AR N AR E Bl
(5B o 2 MR &, Liu % A (2024a) $2 1 1) PU-
Mask B 57 P bR 58 2 bR A HORE O R A4
FEAESS o BT AR KA A
R G R B R s R AL SR P S A R .
Tb R R RS 5| 510 A S 5 85 , PU-Mask RE A 1fE
T 0T 2 4 DX I8 A5 2= A3 A, T AR LA R A
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Shuffle
e

— GCN —»
NxC N xrC
rNxC

(a) PU-GCN (NodeShuffle)

Shuffle

—= MLP —

NxC N xrC

rN xC
(¢) SPU (PointShuffle)

KNN

—
|| KXNXC Shuffle
N xC N xrC
e

Sl kty
kxNxC
N xC
(b) PU-GACNet (i1Z%/&%1 NodeShuffle)
Shuffle
—>| Transformer ’——P —
NxC N xrC
rN xC

(d) UPU-SNet (TranShuffle)

6 2 PixcelShuffle J5 =X FHIED i /R 2
Fig. 6 Feature expansion via PixelShuffle-inspired mechanism ((a) PU-GCN (NodeShuffle ) ;
(b) PU-GACNet (edge-aware NodeShuffle); (¢) SPU (PointShuffle); (d) UPU-SNet (TranShuffle) )

JRy R AR RN AN TS ORISR RE 1 1 FoRAESE AL BARAELE
WK 7(a) r7n . Rong 8 A (2024) $2 i T —Fp 24 R
RepKPU By = FoRAEM 2% . A% O AR
1 BRI AR RS R AR ORI S T FRAEERE . 4
& 7(b) i~ , YE 3 5% KPConv (Thomas £ , 2019) J3
K, $E T —F % 4 RepKPoints (kernel point repre-
sentation ) F1ET B R J LR 675 D7 v, B RE 8 B 4l
AR ERIUATAE B, FAT 3 BERURE RISz BRI
AR AR T AR R RN
e TR AR TR B (kernel-
to-displacement) 2= T =X, K5 fl = R AR BT E X
N R R R . BRI, SR R FUE X
o7 B F2E 2 R AE A9 4% 25 25 14 (kernel points queries,
KP-Queries) , #X 5 #1] FH RepKPoints 1E b 28 X )
PR 1Y 5 (keys ) FII{E (values) , KP-Queries 1E A 75 1)
(queries) , 8 3:f 52 SV 2 T3 LI 52 BE I & Z 18] 1Y 28
¥ KP-Queries 554850 (i B RHE , I3 J5 4 A ) 07
#5552 5 SR N AS BB AR Y S AN, SRS
PEH T —FP IO T2 R AT [ ] R T
LT IR BME R L) R S EOTC N,
$2Ft T RepKPU 14 R 36 PEAN S HI T

3) AR bR AR AL . AR bR AR B TR
PR FFIE S 3 3D AR AR AR, X — i AN R 2
B PR A B ) 25 T o B A, IR B4R RFE s = L

il =B A, TS Hs, BA
5 538 A AR A [ U R LA A I A )2 AT A
A - A AR Il T 10 57 A2 BRI IR 1 25 2854 T LA AR 1 )
3 21/ A YW DL 1 i e o I A L v
PR G AU I EE TAEMER IR Tl
W53 NT I G A B AR A THEA 50 HT

FR A S B 7 AR TR, AR bR [ETUH AT 43 R i,
K8 (a) (b) rn. 55 125771 (Yu 5 ,2018; Li 5,
2019; Zeng 25,2021 ; Ding 25,2021 ) 444" &R 15 4%
A E] 2 A bR, AR R AR 2, IRl B =
50 55 2 2Z 0] 1 22 5 R0 R ke pe Ak ) 2 AR AR
(RN T R =0 QBT Ny ST VA 5 % I W2t I B (EM BN
G B 7T RE 32 BR T A4RAFE F R RE 01 , o HAE S 22 LT IX
BRI A 52357575 (Qian 45, 2021a; Du %,
2023; Wang & 2022; Rong 25 0024 ) T T SRR
R B AR bR R B i R SR O, BRI R %
PR A A S = B A TSR SRR Y Ak
PR RS 1t 1% 70 2 AN A SRR A 2, TR B S
M G R 25 A R AR . i T
URBE“F ) 28 AR 2% 2 3% 2%, 3Ry 2% 3 2o K5 20 D
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(a) PU-Mask

N @ Hut i RepKPoints © KP-Queries ® |- RRE 5,
(b) RepKPU

K7 PU-Mask 5 RepKPU A Ji& T 2on Z E
Fig. 7  Architecture diagrams for feature expansion in PU-Mask and RepKPU
((a) PU-Mask; (b) RepKPU)

K3 AREERRAPSIANLARKENEETE

Table 3 Major advances in geometric rectification for coordinate reconstruction

TR A EAR
Dis-PU(Li % ,2021a) FEAR b H S5 3G 0 s (R A0 Ak 2% L Al RS 4 R AR TSR AR R A 2 0
PU-Refiner(Liu%,2022a) i1 23k 25 4 B8 Transformer F1% 22 5% A0 SRR A5 2 (o7 1
PC’-PU(Long %,2022) Gt o2 TR X057 T S, DR ML AU 8 DA A4 R s — S0k
SSPU-Net( Wang %5 ,2023a) EANILY ] 8 R SR SS I Y O GBI R L =W i i)
PU-Mask ( Liu % ,2024a) A2 2 9 D7 0 1 3 7 R, S o
PIRRHE | o e TR s bt TR A
HINEZ WINSE LN
| —.— 9\% Nx3| —=  —ap i;:%) — = — U — o %
Nx3 N >3 PN %3
N INX3 gEl el Nxc TNX3 r[g}%ﬁ%ﬁﬂu wxc | iﬁiﬁ)ﬁg{ﬁ;;ﬁ)ﬁ{:
(a) ¥ IRAFIE ] (b) ¥ FRFE MDA A bR ki Fo & (¢) FINIUTE ERE L i 2

K8 Ahr @R LAY 3 07 2n B
Fig. 8 Three optimization strategies for coordinate reconstruction ((a) direct regression of expanded features ;

(b) regression of expanded features to coordinate offsets; (¢) introducing geometric correction to fine-tune coarse point clouds)

RSl 3 PHLE = AT 25 AL R i it SR A Y AL B D 2 2 (AP ) , DT X KL A 25 R AT
PER S — H AR, HARHEZR I 8(c) B . Li%y  BiRrEfife, W3Rt T A s WG 3R Mo A 35
A (2021a) # H () Dis-PU (point cloud upsampling via — BYRCR . 7EHEEAR [, Liu 58 A (2022a) B9 PU-Refiner
disentangled refinement ) f& X — & % (1 A4 36, & 3l i K F Tk 2 A Ak SR ws R 2 3k 2R A Trans-
23 [ A0 AL A Rl R BB A 1T RRAE 5 2 )R Z5 A RRAE , 00 former F1ER 22 B AL “BEZ” s = B LA BCBE, A= B
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RS EA S Long 4 A (2022) 4 PC2-PU
) 5 A T - TR 2 [ O AR AR, HL S SR IR B i
SUE TR PR DACR Sk J NN DA S & XS
23 [A] —BUPE I 4R BE 45 . Wang % A (2023a)
1 SSPU-Net (structure sensitive point cloud upsam-
pling network ) 51 A T 22 RUZBCHHL ] , HAL IR R
I FH IR K SR s A S A /] RUBE T B QR SRR AR, 38 5
DenseGCN FIRFAE & $2 BUZ AL LTS, Fr 2 [u]
VAT i % & LA AL 50 25 93 A o PU-Mask (Liu 5%
2024a) W BIHT P B T AT 2 o 1 D 0 3 B 407 5
T TR P WS R ORI SR G R, T Ry R ARk

R4S R R 3 M R R B A A
MTAEAT R T i = 25 A W s O B2 A [R], $2
THESPERR RN G

4) EREAE R e s RS, L
AERAR AR R — OBk 5 0 A (6 A4
I o AGGE 7 VR0 H R [ A 28 AT AL, wf
VAT W 52 PR 375 57 o i 2 W R HE ML RAE T SR A 22
FEPE o SRl R BRI 1 BT 52 3 P40 - T 5355 1 gk R 5
%o PREEATRIAER EE TAEME 4R, UT
P G ILFFEE T AN [F) BEE 5 HOR B AL R R LR A
Jike

x4 ERBEZRRANEETE

Table 4 Major advances on upsampling ratio optimization

Tk

PS5 350

Flexible-PU(Qian %5 ,2021b)
PU-EVA(Luo%,2021)
Meta-PU(Ye%5,2022)
APU-SMOG (Dell'Eva % ,2022)

BT LRMEUT D) E BN LoRARI R, 120 D2 S R BRSNS A8 R R
P22 1 d A AR R B e TT IR ZE AL, P B SR B AR , i 22 AL AR B 45 18 AR AT R
JUE ) Bl SRR R A, S BT R R LR, 2RI S UG TR fiE

Vg s WIS S R R TR 43 A IR R L 455 Transformer S BT J0A% 25 14 /2 o7 o 3 17 o 4

Ye 4N (2022) 42 H1 i) Meta-PU 25 G5 M LAY
gL ARSI AR T EREAE S, S TR AR R
M LREERE S . TR OTE T T — i
P 45 F1IC - I 45 2 B XL 70 S R - = 9 265 % T
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Az AR TG 0 285 DU AR Bl g A B SRR R 3
BEMRCCHMIE SR XT3 ST AL
8 190 248 BE A% 1 365 LA [R] 45 3 ) R AERT SR o il
B, 190 265 308 3o B 3 g SR A SR SR o i ) A 4 2K
g PN TR A . (AR TE AR,
Meta-PU 75 Il Zk i A R ] 245 3R R 5 2 ) S
AL T R SR AR R LR i i
ANFMEARAL 55 [ A RIRIE = 25 4R T TR PRRE

N T BT AR AR LR A 207 1 R T
AT BLE B, A SR 0 A0S el A B A BB 9 a5 . B AR
L B AE— AN R ER AR N, 1 AT ARG — A
DT B4 i IAT, S 2 AT LA Ao % 0 R s SRyl v
R AR R RO L R 2 I, T X — B
VB, T AR AT L g xR S 408 4 A ) S A T A 2
AR AR, FE AU R R LA A R o X Bl T
5 ARE S A2 WE 32T H AR 1 19 1, 3 RS i 1od
P e R 25 T EOR AR NS o Qian BF A

(2021b) 2 FIHUE R R 1 T — R EHN A = 1R
FEHEZR Flexible-PU. %75 545 bR A (R RE 7 ifk o fi
(BLAE R o 0 R B i 22 18 DL AR PR 40 il 2ot 23 By
Jrs S JUART 2548 |9 385 107 27 > G — HLAT e 4 (A
AT AR BT bR 2 A58 o HEBH s e Tk
AN ZR BN AT SCRp Z2 M ERAEAS A, YN Zhid 72 b Bl
PLEEFEA [R5 204 , 470 (B A A AR N 2 A4k
iR o XA BOH AR T IR RCR S R R 4
S G R IEZ IR 5. S350, Luo 58 A (2021) 42 H
1 PU-EV A (edge-vector based approximation for flexible-
scale point clouds upsampling) J5 ¥ [F] ¥ 5& F 28 P 0
Rl B, e 1 ) TSI s BRI VER
PRy BRI A5k A 8 32 1) 5 A 46 A JI L, TR S 1
FETHRE L , PU-EV A 3 1o BRI 28 8 I — i 22 5
AL SR AL S TN LR BEA LA R &R B, 52 ]
AR ABEOE AN & o X — RIS 47 (A AR
TR B RE S 3 1 AT B AR TR

J381, Dell” Eva 55 A (2022) $2 11 (1) APU- SMOG
(arbitrary point cloud upsampling with spherical mix-
ture of Gaussians )57 2L F Transformer 2244 , 1 1 B
1w = 01 IR & 4 A (spherical mixture of Gaussians

SMOG) 5 BUE BA% R LR A . %074 Se M M
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25 I 28R A iz LSS B LA 35K T ) R i A
R R RN SRR IE T I — 1 1R B 40 A B AL
PHERI T 2. BEJG , DOz oA R AR BB 1Y
B, 38 3 Transformer ff A5 254 SR A A B 0] H bR
T A RE PR S . APU-SMOG I O3
TE T b SR S R i oA R 53 A BB R0 2 T A
L i T O AN RS 2R R I R R A 7oK

1.1. 1.2 ZFrBafrit = FoRE

Wit = LR i i 2 B Beig A Ak,
M TG ATE R T IR AEAE B 2% T L 41 55
E R RS BN R o HA O ILATE T 53 120
AU RRAE , A B T 1 o5 2, (RIS SR 35 3 vy 22 b |
SKAE LA, W RN R W 5 75K . 2 B Bl ik
Koz FoRFER R E TAE R S iR .
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Table S Major advances on multi-stage progressive point cloud upsampling

Tk AK

PS5l

MPU(Wang %§,2019¢)
PPU(Zhang 5% ,2021)
BIMS-PU (Bai %7,2022)
CFNet(Wang%,2023b)
HFCI-PU(Tang%,2025)

BRI HE R LR 20 O B AL R LT AR TY b G S L SRAE AR K%
HE T S e CHE SR, L2 G0 0 2% 2 B IR 2 S 2R i
IG5 B 00 Sl B AL , K ) 22 ROBE AR 4 73
KBS R G BHLA , IEACIE AR 0k , 30 ik FE A 1
SAAME R AT, 7E Transformer 244 R4 55 22 4544 5 40157

MPUPER 5 1451 AGZAEE ) TAE 42 1 T —
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W — DR SR B D RS AN BRI,
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1o 7 PR 2 BB BER S ESRAEATT SR B 403 25 2 g
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AR ERAEGE R XTI TR 2
W SE BXHMR R RIE A AR AT T s
AT . Tang 25 A (2025) 4% Hi () HFCI-PU (high-
frequency compensation interpolation network for point
cloud upsampling ) % £ 6] 3 M Hb fif ok 1 05 = LR
Hh R BN T R ROXERE 207 12k 22 B B g =X
AbFR TR R BT | ASh SRR , 385 5
A V] 8 5 Ao i A W O i 2 PN S0 BR A5 i A B, A AR
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1.1.2 JUaY sE—Aebrfifb =08 = R

=B SR AR T VA TE o AR TR Sk AR BUHT 1
B ABAEFE P AN SR o BR 1 - — 2 [ A R
TEP™ J2 A B wfe D) S BT 22 L) b oRBE s — R T
3D A A Bl B 22 TN AS v 6 S B R S RN 4 ol
R0 BT ORTIX S a5, —SERIFSY B S ST R A S
2 (Pg: N x 3) [ JLAar 25 (1] Py 34 in 5 8075 2T A
R E] 5 2z (P rN x 3) B 1 A8 b fE Ak 90 4%
{1 25 = B W A H AR 2R Y R A 25 3 (Py: 1N X
3), a9 fs .

WEEHE: rN x 3

P rNx3

K9 L sE—Abr i sl = ER AR A

Fig. 9 Framework diagram of geometric expansion-coordinate optimization-based point cloud upsampling
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Fig. 10 Framework diagram of generative point cloud upsampling ((a) GAN-based point cloud upsampling;

(b) reversible flow model-based point cloud upsampling; (c) diffusion model-based point cloud upsampling)
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Fig. 11 Framework diagram of surface reconstruction-based point cloud upsampling
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Table 8 Major advances in

surface reconstruction-based point cloud upsampling
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Fig. 12 Four forms of unsupervised point cloud upsampling framework ((a) direct supervision from sparse point clouds;

(b) supervision from transformed sparse point clouds; (c) reverse-constructed supervision;

(d) supervision via twin network association )
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Table 9 Major advances on unsupervised point cloud upsampling
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Fig. 13 Examples of common datasets for point cloud upsampling

((a) PU-GAN; (b) PUIK; (¢) PUGeo; (d) ScanObjectNN; (e) KITTI)
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Table 10 Experimental results comparison of representative methods on PU1K dataset
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PU-GCN(Qian %,2021a) 0.585 7.577 2.499 0.842 14.538 3.631
Grad-PU(He %%,2023) 0.404 3.732 1.474 0.343 4.239 1.618
PU-Flow(Mao %,2022) 0.361 3.102 1.324 0.267 3.672 1.416
APU-LDI(Li %%,2024) 0.371 3.197 1111 0.244 3.400 1.239
RepKPU(Rong % ,2024) 0.327 2.774 0.933 0.217 3.050 0.985
TE IHL R RIZ TR RN 5 eIt RS R
F11 ZEPU-GANHUIEE ERRMEFEFLIWLE RIILL
Table 11 Experimental results comparison of representative methods on PU-GAN dataset
4% 16%
(SIS SR /KB B

CD/X10°  HD/X10°  P2F/x10° CD/x10° HD/X10°  P2F/x10° /MB
PU-Net(Yu%%,2018) 0.542 4.476 4.953 0.528 7.007 6.352 812 10.1
MPU(Wang %,2019¢) 0.298 4.062 2.712 0.177 5.530 3.023 76.2 6.2
PU-GAN(Li%,2019) 0.268 5.590 1.942 0.209 6.689 2.555 684.2 9.57
Dis-PU(Li%,2021a) 0.277 6.804 2.015 0.167 7.652 2.261 1047 13.2
PU-GCN(Qian%¥,2021a) 0.282 2.853 2.530 0.180 4.252 2.654 76 1.8
PUFA-GAN(Liu%,2022b) 0.250 7.774 1.929 0.130 9.032 2.141 4935 11.6
PU-Flow(Mao %,2022) 0.285 3.572 1.982 0.128 2.669 2.385 806 3.22
Grad-PU(He %¥,2023) 0.245 2.369 1.893 0.108 2.338 2.127 67.1 0.392
RepKPU(Rong %5 ,2024) 0.259 2.751 1.872 0.095 1.808 2.130 10133 42

TE L R R PR IR & 5 SRl AR 2R
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T, SRR S MR 2%, AR R LR BT R
FREE, MPU(Wang %5 ,2019¢) 18 3o i E 2 R AE
L E PR THERE  7E PU-GAN FI PU LK 508 45 3948 T
PU-Net, H53 B Beib SRR % A 2508/ 0 401 22k (R
i BEYI 2R3 hin T2k 548 o Dis-PU(Li %%, 2021a) £
Ae bR B BT A LA IERIE Bl 5 R 5 4 R
FRIE DL AL HLRE 25 2 3 B R 1 43 A AN 2 0 S 5 it
[R]85, {H7E PULK BCd 46 RS SR THA BR L o 48
FrEL LT MPU, H 280 fUE P A4 5, o
H AR IS A FRAR AR 11 ey R

PU-GCN (Qian % , 2021a) i iF 5] A Inception
DenseGCN F1 NodeShuffle 15 Ht g 2 45 4k = Be X 7
5, 75 PU-GAN a5 DU b oRAE R R h 0 K
FMEEL T, [5] o 2 55 Ao B ) [ S 2 IR, R B
1R B SR B JLAT SR BE 7 o AR, HAT) 2 BT i
fEBTT, HARPR TG B A 2 e R e 55 5
PR R o

Az LT 38 2 2T 5 VAR A AR AR B R
H . PU-GAN(Li %%, 2019) 7 A AN T4 i3t bt
PR 25 1) 55 25 PR EEALAY , 7F PU-GAN M PUTK 545 4
G F R MPU , H: up-down-up FAIE T 2 5 0 14 53
01T A B, SRV R AR S 2 A B S ER AR
HIlZAFaE . PUFA-GAN (Liu %% ,2022b) 5] AW
SRBSNAILE] 8 Ak Ay LR T RE 7
PU-GAN 448 b Je 30 H0 410 S5 10 0 A 253 5 MR R 415
PR RS AR SH AR RE A 2, AR S Eie kK
BRI BRI T 326N H . PU-Flow(Mao 5% ,2022)
BT IH— AR 7E PU-GAN A1 PUIK $0HR4E | 1B
7N I BCUF R TE , S RN BE DA T PUFA-GAN,
M A — A AT T AR T

Grad-PU (He 5§, 2023) {3 JLA[ 9" sE— A2 bRl
b5, 76 PU-GAN FI PULK $cdi 4 F e Bige il | 4%
VT Bk B o LA — A0 AL 5 i i v A A (e
BT AL B] A 2, TR R BN R 2 ) R 5
PRBICOR AL s 0 B, A 50k S S B SRR s TR . M
b = B AN A= il 28 12k, Grad-PU TEKS & Fl 2 21k
AR RIS A B A R B Pk BT
AE S 2 LIRS 51 00 A

APU-LDI(Li %, 2024) £ 2y 2% 1 5 #0719
3R, R R R 75| 5 5 552, 78 PULK Bdis 4R
AT Grad-PU PR & AR TUMTIE IR AR ) Ltk
BTG S J5 VI 2 Jy B B 5 48 7 2 A 4 Jm B = ek 5, DI

GBI

RepKPU (Rong %, 2024) 78 = Be U HE S 5] A
¥ S ARG, 7E PU-GAN 1 PU LK 203842 i 24
B I E i WO LS £ ) R W S S iz
G o) 28 SCVE R T AL RRS A A v e 4 R 0 A R
ik, 454 RepKPoints Foontann B A NE v, IR
% Grad-PU SEHAT BAS 3 FoRFE. SR, 240
FHEFR I [H] ¢ Grad-PU & , 2R AL

ANTA]J5 B 1€ PU-GAN F PULK %4k 55 b M RE
ZE SR T Haz ARRE S Rl . PU-GAN £4 4 LA
T A R 32 S s A A BRI AT T PULK A
T 28 5 U REE S S 3 A i o WAL Ak
AE BRI B . PU-Net 75 B804 4 1 09 R B
SR A AEURE B2 AT, s et O 7 SR AR A ) Jy R P o
MPU F1 PU-GAN £ PUIK | #1% BEHE T PU-GAN %
P e, o i 2R AR O v A 2% s I
UF3& WM. Grad-PU Fil RepKPU 7E PUIK ORI 3
FOUT PU-GAN B4 48 , R WA — 4 Ak A% i A8
TE RIS HEI 5 5 = (5 KiZ AL RE J1 . PUFA-GAN
FE PU-GAN B4 45 I 0% 58 Al 68 ) 4c 55 , 7l fig
I 2R B9 o A 22 57 S 80 A . APU-LDIL#E
PUIK I (L5 8™ 1 2 1 i a0y vk ve B 2
b BRIz AL S H = I 2R 2% B mT e PR o He e
R RPN . BERRE , JUTY FE—R AR
etk g i d ke iz fee 1 AT = B
AT B, AR — 25 R AR B R X BT 3 5
= (W KITTD) (38 W, AR T 5 B0 4 1 e 1

4 & iE

ARSC i [l B T R TR A ) R EREE
AREWFFEHEJE . I L PU-Net Ry 4038 1 M8 =X
Tk, BTG R A R S0 ik IR A )
SBUR &AL e R SR 1 S N T 2 WA (W WS =S
A RIRYE , REIRTT T B B S PR LA 20y
PRI RE ST o Wi 07 vkad i = Beal i ik s U AR
A 2R A SE B T A A AL, A
[ T8 AP 3 L oRARAE 5 R B 0. W D vk
A R AR LA PR R A B 5 5 B T &K
/1 AR B ) I 8 77 = A5 N D =P P A
T A A O i o e AU B R T, o —
BRI T W U — 2 S R Gk SR, R
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MHT IR S s FRAE RS T B ORHE R HA5R
FEAE—SE Ry R . A b S Ry FRPE AR SCHR I LR
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1) A AR AR A FRFESRS . YRS = b
RAEHAR K Z R T BE W F R RIETI
HR O A 3 7 e S U AR R FoRAE L (H
XEET VL Z LIRS j = AR BEX B R S — 1 |
RREAG A, SR AESEBR N I 5 b, i s iR R
JEAEA[R] DA AE 25 22 5, 3t S 3OS [m] DX Js ]
RS ZEAN ) ERAEARE A BN, e i 2 K an
TR A DI, 38 Y R AR AT SRR U
VRIS A0 ) JLART 2548 5 TR ARE RS 12 8 DI, ) >R
FHBARR FRFEAG A, LIt R, BT, R
Sk B WESE Ty 1) AT LLE H AR R Sy RAE 0Y FoRAER
W, [ RS BR A AR A5 = AN [ DB i i B, 8 g
Hu PR EE b RAEAE A

)N R B IR NAS R IS PR . TR 2] B
Y SRR T A R R RS IBOT Rk
RO B, X SRR AR X T 5 2209 LR AE R AL AR
Ptk Em S, SR, B2 AS ) I RS2 R —
FRIZU ) SRR . HET, R H0 vk 2 2k
F PointNet . DGCNN Fll Transformer 45 & fitl 5 750 g 17
FRIESRIC, A8 o AR AU 7E b B ] B8 g B SR 1S
o AETE T 52 A AN G A I, AnSR B 1 2 | Al hr B2
A0 AR 5100 A, B AR R REAE 1T 25 52 B R
R Y S R I — PR AR, R R (R BIF ST AT LA S A
35 4R b S Y T 28 BEAR VR AR S L
Ao B, LA A G I 2 (GCN) 4544, BE
g AT A A S = P R R B LA G &R R
Transformer 22 4] 14 45 A | 38 158 34 5t 11%) {3 35 ML)
G- Hb b B B B AR R 42 SR ZE A AR R . AR, ROk
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