2364  E-mail: jig@aircas.ac.cn DbEHEBERBEEIR

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 O HEERERFRIRINFE

FEGES S TP391  XERFRIRES: A XEHS: 1006-8961(2025)07-2364-14

WXEIAEK:Guan Y C, HuY, Zhang X Y, i Y Z and Yu Q. 2025. External iterative score model point cloud denoising method. Journal of Tmage
and Graphics, 30(7):2364-2377C )R, W15, kM 248, 22568, fiR4k. 2025, AMBEAC/IHOT S = R0 07k . P EE SRR, 30(7):
2364-2377)[DOI: 10. 11834/jig. 240636 ]

SMERIER ST BRE S A RIRTT %

EWRLAT L, KEE , FEELBA”

LT T A BE MU T AR 22 B 5 2130015 2. VLR BLT 2B it B pL TR 2B, W M 213001

M OE: B8 TSR PR AR R M, s B T RS2 B MRS T T e R 2R R B R s
N2 AR R0 o PR, 22 BRI P By — IR A 1 3D MLAE AT 55 o BRI, TR 2 20 1y 2 i S sl I
LTI 2O | SR S A MR SRS 2 T T 3R 1o SR Sk sl s AR Tl 4, sl 25 Ao a5
PR B e 1w 2t BSCSIGE BE sl R 5 R Ml 22 B TRI R, S0 1 25 MR PERE . Dy 1 B e SIS JRE 1 25 ML E
ASCHRE M IE TN BRI s = LM, iR R AR IR S S AT DB, SR A BRI RO
Z e, 3 o BT BT A A o B CRVBEI A 2 25 M P P O BR D), 71X HUIMA Bl BEBR FE T S A B IERRBE
PO SR IR MR . RS K MR IR DRETE — R U R s , PR SRS B B
VEWERS i m gt T A T PR BRAE RNk SR TESEh K B R AR 5 S 0E Y 7 Fh 05 578 34 E
£ FiEATX . 7E PU (point cloud upsampling) B84 (10 K 150 K 5 2) 5% 1%.2% 3% Ma s | Fr 4 8078 CD
(chamfer distance ) Fl P2M (point-to-mesh distance) f8 45 - ¥ 00T PEREHER 55 2 BURERY  RINFeHRH A AR . 75 PC
(PCNet) #Ha 4 (10 K FI50 K i) 7, B 3% M i S0 36 W, 4R BRI E 2 At BRI i, S TPEREHRA 26 2119
FEHUAR LL , CD T P2M A5 W5 M8 1 2 PR . 7E RueMadame BUHE 4R i AT 37 57 J5 MR LU 5296, MAILSE S8R 7T LA B W 43¢
BFTH 7 R B AR LR ERE . LA, LA T MR E], S PEREHEA 5 3 AORIRLUA LL , ZSMR I ) T T 30%, 5
PEREARA S0 2 ROBIAURIT . S5 ASSCRT B M 9 a5 2 AR, AR FU T LAl 5 72 A e 10 2 Mo 8 R PR ) 25 e
HE

KGR 0 B HNARIEAR; SRR s SR T TR )

External iterative score model point cloud denoising method
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Abstract: Objective Point cloud data play an irreplaceable role as important means of environmental sensing and spatial
representation in a variety of fields, such as autonomous driving, robotics, and 3D reconstruction. A point cloud is a form
of data that represents a discrete set of points on the surface of an object in space by means of 3D coordinates. It is typically

captured using 3D imaging sensors, such as LiDAR and depth cameras. These sensors can efficiently acquire spatial infor-
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mation in the environment, providing critical data support for applications, such as environment sensing for self-driving
vehicles, autonomous navigation for robots, and 3D reconstruction of complex scenes. However, the process of acquiring
point cloud data is frequently subject to multiple influences from the sensor’s performance, environmental conditions, and
external disturbances. In such case, the acquired point cloud data may contain a large amount of noise, which is mani-
fested as a deviation of discrete point positions, redundant points, or missing point information. This condition negatively
affects subsequent tasks. Therefore, the effective denoising of noisy point cloud data has become a fundamental and
extremely important research problem in the field of point clouds. Traditional denoising methods typically rely on geometric
processing techniques to identify and remove noisy points by analyzing the geometric properties of the local neighborhood.
However, in complex real-world scenarios, traditional methods frequently experience difficulty in achieving satisfactory
results when dealing with large-scale data, nonuniformly distributed noise, and fast denoising in dynamic scenarios. For
this reason, an increasing number of studies have begun to combine deep learning methods with design denoising algo-
rithms that can efficiently deal with large-scale noisy point cloud data by taking advantage of the 3D structural properties of
point clouds. These methods cannot only significantly improve denoising accuracy but also handle multiple types of noise
and retain important structural information in a point cloud. At present, deep learning-based methods typically train neural
networks to predict point displacements and then move noisy points to a clean surface below. However, such algorithms
either have a long iteration time or suffer from over-convergence or a large deviation of displacement when moving points to
a clean surface, affecting denoising performance. To improve denoising accuracy and speed, this study proposes point
cloud denoising based on an external iterative fractional model. Method First, the input noisy point cloud is chunked and
divided into parts to be inputted into the network. Next, the part of the point cloud with noise is inputted into the feature
extraction module, through which the features of a point cloud are extracted. Then, the features are inputted into the score
estimation unit to obtain the score of the point cloud. Considering that the iteration time of the score model is too long, we
add the method of momentum gradient ascent to accelerate the iteration of the point cloud. Finally, the denoised part of the
point cloud is spliced together to form a complete denoised point cloud. After the denoised point cloud is obtained, it is
used as the input for the next denoising, and the above operations are repeated. The model in this study is set with four
external iterations as the total denoising process. Among them, the external iteration is a complete point cloud denoising
process that includes a series of complete operations, such as point cloud chunking, feature extraction, and score estima-
tion. By contrast, internal iteration refers to the multiple shifts of noise points by the estimated scores in the score estima-
tion model. In this study, the operation that originally requires a large number of internal iterations is transformed into a
limited number of external iterations, accelerating denoising speed. Result The experiments are compared with seven mod-
els, namely, point clean net (PCN) , graph-convolutional point cloud denoising network (GPDNet) , DMRDenoise,
PDFlow, Pointfilter, Scoredenoise, and lterativePFN, in 1%, 2%, and 3% noise for the point cloud upsampling (PU)
datasets 10 K and 50 K point clouds. The model is optimal in the evaluation metrics, Chamfer distance (CD) and point-to-
mesh distance (P2M) (lower values are better). A comparison of scene denoising is performed on the RueMadame data-
set, which contains only noisy scanned data, and thus, we only consider visual results. After denoising by using our
method, the least noise is left in the scene. Thereafter, denoising time comparison is performed on this dataset, and our
method reduces time by nearly 30% compared with the model with the third-place performance, which is similar to the time
of the model with the second-place performance. We then perform a comparison of generalizability on the PC dataset of 10
K and 50 K point clouds with 3% noise. Our method also has the lowest CD and P2M values. Finally, we perform a series
of ablation experiments to demonstrate the effectiveness of our model. All the aforementioned experiments are tested on
NVIDIA GeForce RTX 4090 graphics processing unit to ensure their fairness and impartiality. Conclusion The point cloud
denoising model proposed in this study exhibits better denoising accuracy and faster denoising speed compared with other
methods. In the future, we hope to apply our network architecture to other tasks, such as point cloud up-sampling and
complementation.

Key words: point cloud denoising; external iterative ; score model ; momentum gradient ascent; deep learning
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1 MEXIE
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Fig. 4 Momentum gradient ascent
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®1 HREX PUMEEMERLER (CD M P2MBHE x 10°)
Table 1 Denoising results on the PUNet dataset(CD and P2M distances are multiplied by 10°)

10 K 5

50 K i

R 1% g 7 2% M5

3% M

1% Mg s 20 Mg 3% M

CD P2M CD P2M CD

P2M CD P2M CD P2M CD P2M

Noisy 36.90 16.03 7939 4772 133.82
PCN 36.86 1599  79.26  47.59  130.67
GPDNet 23.10  7.14  42.84 1855  134.11
DMRDenoise 47.12 2196 50.85 2523  58.92
PDFlow 2126 674 3246 1324 4456
Pointfilter 2461 730 3534 1155  108.73
ScoreDenoise 2521  4.63 36.86 1074  47.08
TterativePFN 20.56 501 3043 845 4239
AL 19.97 488 30.10  8.13 37.87

96.00 18.69 12.82 5048 4136 98.40 86.67
87.37 11.03 6.46 1978 13770 2289 1285
93.37 10.49 6.35 3288 2503 9656 81.42
28.46  12.05 7.62 1443 9.70 2432 1528
20.57 6.51 4.16  12.70 9.21 1945 12.62
74.11 7.58 4.32 9.07 5.07 17.09 11.41
19.42 7.16 1.50 12.88 5.66 19.28  10.41
16.86 6.05 3.02 8.03 436  19.71 13.04
13.70 5.92 2.94 8.00 435 13.22 8.16
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Casting
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F5 £ AMEHAUZE Camel | Casting , Chair , Cow ,Kitten . Duck . Horse (50 K~ 55 2% [ MR R ) < M 5 8 A0 58 5500
Fig. 5 Visual effects of each model after denoising in Camel, Casting, Chair, Cow, Kitten, Duck, Horse (2% noise at 50 K points)
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Fig. 6 Comparison image between IterativePFN and ours
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7 AFEREEILE Elephant 5 2z 22 M5 AL SERR
Fig. 7 Visual effects of different models after denoising the Elephant point cloud
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Fig. 8 Visual effects of different models after denoising the RueMadame dataset

*2 #EEIFE RueMadame £3E & By K12 E
Table 2 Denoising time of the model on the
RueMadame dataset
/s

R3 3% BRENPCHIESEHTZAMEMELE(CDF
P2M (& x 10°)
Table 3 Comparison of generalisability in PC dataset with
3% noise(CD and P2M distances are multiplied by 10°)

el RueMadame_2 RueMadame_3
ScoreDenoise 107 100
TterativePFN 68 67
A3 71 70

3.5 ZHHELER

ARSI NGl A 0. 5% ~2% W7 (1 5 4k |
NFE T B SEBBE Rl DU AR SO vk e HAl 7
B, TESEPRIG LD AR SO7 R AT 1 W P K
A—EIENRRTEE N . P, 1WA B AT
AP Az ACRE T, AR 303 IR 7S D 3% 1Y PU B
B (Yu &, 2018) Fl PC 95 4 (Rakotosaona 25, 2020)
AT T, S T A SRR 2 BE T ScoreDenoise
MRS R . PR, FEE G H 5 - B e
EPERY e, BARGIR LR 1 e 3, N SEs ik
B ARSI R iz A Ve RE
3.6 HEAMIR

AR T IR XA ERN . &
96 EAZ B RN LM AL [ I/ R, 5 2 3k
A7 TH Rl S 6 R A A (SR A28, RATBIR T
[) 3 AR 2 HO0 S M 520 . DA CD Rl P2M 4 &5 4 25

PCNet
iR 10 K 5 50 K i
CDh P2M CDh pP2M
ScoreDenoise 72.46 27.95 35.57 15.49
IterativePFN 60.25 31.25 25.49 17.21
A 56.25 28.49 18.78 11.79
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R4 FREERXETHERSLE (CD 1 P2M B #Ex10°)
Table 4 Ablation experiments with different number of

iterations(CD and P2M distances are multiplied by 10°)

50 K A4
AL 1% g 2% M7
CD P2M CD P2M
T=2 6.10 3.04 8.62 4.73
T=4 5.92 2.94 8.00 4.35
T=8 6.02 3.06 8.25 4.47

E R R R 4 9 B A2

TR R TR A A PR T T A%
YIS, BARTE 1% MRS T P2M 18R A B4,
R AR B A PR TR, B L, X AR e Al 2
UNCIRA O 9 =PRIk —x: i M i LN SV AW 782 9 0)
S R MR S T UM ASE S . #F RueMadame
BIRAE FUE TS WnEe T TR SRR EE LT RAh
TRIE AR T T LW . S LTkl
FERIEE TN, SR A SO B B i P TR

*5 REEMADELELEAFMIMUERERMBE T
(CD #1 P2M B9 £{E x 10°)
Table 5 Ablation experiment 1 with or without the use of
momentum gradient rise and external iterative modules
(CD and P2M distances are multiplied by 10°)

10 K i

Tk 1% M s

CD P2M CD P2M

2% M s

T ERE BT 20.82 5.15 31.86 9.45
TeANER AR B 25.22 4.68 36.84  10.83
AL 19.97 4.88 30.10 8.13

T L P SRR S 8 R A4

4 & it

1E 3D FHHE | [ 302 BRI KA LAs A S A ik
B A5 U ATS 7 2 A 2 Bt o AR A 2 B AR O
Dy % BN AN A PG 0. i, AR SCESE T A%
GE L5 TR 2 2] LR DBk AT, 35— o (Y TR
JE2F 2] g m ZMRAORL, RO A Hi A, I 5
B s 2 MR BE AT X LS, A SRR MR SO
LA R ANEE AR B R T S AR SR A

*6 ZBEEADEHE LFAFMIMDERERAHE KR 2
(CD #1 P2M HIEI{E x 10°)
Table 6 Ablation experiment 2 with or without the use of
momentum gradient rise and external iterative modules
(CD and P2M distances are multiplied by 10°)

50 K &
i 1% W
CD P2M CD P2M
Tsh b F T 6.11 3.11 9.39 5.28
TCHMREAEL 7.16 2.50 12.89 5.72
AR 5.92 2.94 8.00 435
TE I AR R & SRR As

2% M s

RT HEHRE EFAMIIMPERERN R EREER
Table 7 Ablation experiments on point cloud denoising
speed by momentum gradient ascent and
external iteration modules

/s

Jiik RueMadame_2 ~ RueMadame_3
T E BT 75 74
TCHMREA B 105 98
AL 71 70

T L P SRR 5 8 R A2 2R

R W ) 3R I, in A 22 )2 AR e S AR
TCBR YR 1 73 BSR4k SR A BR U s ik
AR IR MR B . I FLAE 43 B0 A A s
RSB BE EERT A S A b TR AR AR
BN o R 2 M g SR Re AR e W SR T R
TE 3N 5 HAh Oy 2k oA, SE g 25 SRR B AR
SCOT AT TG 2 MEORG R O Ry 2 M S

AR SCHE H 0 T Ak AR A BB R (1 1 2 e
TE 1% 2% Fl1 3% fmy Wl 7K 7 1 i SR BB A R4,
SR FE AR R 7 o i s KT AT AR R A 4R T2
], 35 22 5 SR AR S b e I A T IR . LR, FERT
] b BARAT R RIS, (AR L T i O ik A IR K
PTF, X TR T A SO A SR A K, 7 I S F
FEHp, AT L i A 2 R IO B 5 N 45 1 I ik
JEE R AL A PERE

A SC T R ) M R R R R S (R S PR A T
HAETE A PR A RE A M | ) Qn ek Ml 4 | 5k L gt s
[ RE SR IR 0 0 2 o 78 28 TAE B RS
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