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Abstract: Objective Three-dimensional point cloud data has become an vital component in various modern technological
applications, including autonomous navigation systems and the rapidly evolving realm of virtual reality. In these domains,
the demand for precise and high-quality point cloud data is critical to ensuring that operational tasks are performed effi-
ciently and accurately. However, generating accurate and clean point cloud data presents considerable challenges. Numer-
ous factors, such as limitations in sensor technologies, varying environmental conditions, and errors during data process-
ing, can introduce noise into the point cloud data, drastically compromising its quality and precision. Noise within point

cloud data represents a significant hurdle to obtaining reliable information about the environment. This noise presents a
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major obstacle to acquiring reliable environmental information. Noise in point cloud data can obscure important spatial
details, leading to uncertainties in applications that rely on accurate spatial data. For instance, in autonomous navigation,
noise may result in incorrect obstacle detection, while in virtual reality, it can diminish the realism and immersion o virtual
environments. Recognizing these challenges, researchers have invested considerable efforts in devising denoising tech-
niques aimed at removing noise and enhancing data reliability. Among these strategies developed, deep learning methods
have attracted substantial attention. These advanced approaches leverage neural networks to learn intricate mappings from
noisy inputs to clean outputs. By capturing complex relationships between noisy and clean point cloud features, deep learn-
ing approaches offer promising improvements in denoising performance. Method Aiming to address the persistent challenge
of noise in point cloud data, a novel method has been introduced. This method employs a network architecture comprising
two primary stages, each augmented with distinct and complementary components. The first stage features a dual-branch
encoder-decoder framework. Within this stage, the encoder is divided into two branches: a local encoder dedicated to
learning local point cloud features, and a patch-based encoder that captures overall block features. An innovative aspect of
this design lies in the integration of a cross-attention module. This module is designed to facilitate information exchange
between local and block features, thus fostering a robust and comprehensive representation of point cloud data. During the
feature extraction process in the first stage, the local encoder performs calculations to combine point distribution features.
Meanwhile, the patch encoder computes and integrates patch shape features. This dual approach ensures that local micro-
level details and global macro-level characteristics are preserved during the learning phase. Following feature extraction,
the decoder plays a crucial role by estimating an initial displacement vector. This vector is subsequently added to the origi-
nal noisy point cloud data, producing an intermediate output. This output is then channeled into the second stage, shifting
the focus to feature enhancement. The second stage is designed to further refine and update the feature sets extracted dur-
ing the first stage. A key characteristic of this two-stage model lies in its iterative learning process. The output features
from the feature enhancement module in the second stage are recursively fed back into the decoder of the first stage. This
recursive feedback loop enables an additional round of displacement decoding, allowing the newly generated displacement
to interact synergistically with the previously updated point cloud data, thereby ensuring progressive refinement. In this
stage, the decoder processes this feedback information to regress a refined displacement vector. The final vector emerges
from a weighted summation of the displacement vectors generated by both stages. Consequently, an optimized displacement
vector is achieved, adeptly guiding the denoising process of the noisy point clouds. Result Aiming to evaluate the effective-
ness of the proposed methodology, extensive experiments were conducted on three renowned point cloud denoising data-
sets: point cloud upsampling network (PUNet) , point clean network (PCNet) , and Kinect_vl. These experiments were
accompanied by comparative analyses with six leading denoising techniques. The results demonstrated the superior perfor-
mance of the proposed model. For instance, on the PUNet dataset, while Pointfilter achieved three best performances and
two second-best performances, the dual-branch dual-encoder model achieved six best and three second-best performances.
Similarly, on the PCNet dataset, IterativePFN recorded two best and six second-best performances, whereas the dual-
branch dual-encoder model achieved seven best and three second-best performances. On the Kinect_v1 dataset, although
the proposed model delivered suboptimal performance in certain individual metrics compared to the best-performing meth-
ods, it achieved the highest overall performance. Conclusion The successful implementation of the two-stage dual-branch
model effectively addresses the complex challenge of extracting and integrating local and global features within point cloud
data blocks. By incorporating advanced attention mechanisms, the proposed method achieves considerable improvements
in denoising performing while maintaining the geometric integrity and structural characteristics of the data. The notable
gains across multiple benchmark datasets highlight the method’ s potential to advancing point cloud processing, with prom-
ising applications in areas such as 3D reconstruction, autonomous navigation, and immersive virtual reality.
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2 PCNetHIEE EFRIERELE R (CD 1 P2M B EESE 10°)
Table 2 Denoising results on the PCNet dataset(CD and P2M distances are multiplied by 10°)

10 K 43 B 50 K 43 #E%
Jiik 1% M 3% Ms 6% M7 1% W7 3% Ms 6% I
CD  P2M CD P2M CD P2M Ch P2M  CD  P2M CD P2M
Pointfilter 7480 56.63 1377 10357 23210 18146 1125 6.10 2427 18.17  56.49  46.00
ScoreDenoise  33.73 1265 7229 2798 269.64 151.63 10.67 3.13 3558 1551 19539  117.99
PDFlow 3245 1105  66.16  37.68 29027 24145  9.68 4.67 4276 3424 26775 249.12
MAG 3413 1740 7031  39.85 25516 20691 10.67 531 3479 2553 19297 17539
IterativePFN 2620 699  60.23 1552 254.84 120.64 9.2 139 2549 7.1 209.01  102.99
PathNet 3136 1723 6523 3575 170.10 12846 991 444 4172 3167 206.86 189.08
A 2574 616 6123 1499 23562 11030 927 1.16 2358 574 19367  95.84
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Fig. 2 Visualization of denoising results of different algorithms on the PUNet dataset at 50 K resolution with 3% noise

((a) noisy point clouds; (b) ScoreDenoise; (¢) PDFlow; (d) IterativePFN; (e) ours; (f) clean point clouds)
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Fig. 3 Visualization of denoising results of different algorithms on the PUNet dataset at 50 K resolution with 6% noise
((a) noisy point clouds; (b) ScoreDenoise; (¢) PDFlow; (d) IterativePFN; (e) ours; (f) clean point clouds)
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Fig. 4  Visualization of test results on the Paris-rue-Madame dataset

((a) noisy point clouds; (b) ScoreDenoise; (¢) TterativePFN; (d) ours)
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Table 3 Denoising results on the Kinect_v1 dataset ﬁl] %:Z 4 }3)?7]? p ng/l\ Eﬁ W ﬁ‘ jZ ,J_r, = 2 ﬂ;”g fﬁiﬂ EU“U
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ScoreDenoise 13.21 6.52 N Mfﬁé%féﬁﬁ%ﬁﬂiﬂiﬁ%%ﬁ JEé’éiifiﬁ/l\K
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MAG 13.56 8.42 R0 0 05 = FRAE , ST TR LM RE
IterativePFN 13.20 6.85 WK APTR , BB 305 25 WA R U 1
PathNet 13.24 8.40 A AEE 3 UAEE, X F AU 3205 2 25 MR AR IR I
$j{ 13.18 w 1%3/[\%&4${E,I/I\YJH\%{EE"J%@WME%M&ZE@%
VE L R A PR fE LR SRt — 2GR TS S SR 4

fiF BT T AR MR

- TUR B SRR 15 B0 B B U SRR ) B

2.5 HBE3RIE HUNFE S PR, AR RLTE PUNet B85 45 1 191 25

ARSI BARGERIN SR KRB i s ik 1 6 B 3 BRI B4

R B AR AR UL BB ROBUT SRS A B i | i) gl AR L (E 0 35 4 7% . 20 A 00 fy <

RS AT BT 2 WRACR RTINS S PE PRI T 00U B, TR e ) P 5 1 I 5 A

PUNet BHR S AR [ R 0B P A 5 AT 000, 98 00 S5 AT S S MR A ) A 3 8
B R MR 7 A 2 i TR AR 19 1) A0 MR TR AT T L

&4 PUNetBUIEE ERIHRISLI
Table 4 Ablation study on the PUNet dataset

i 10 K(1%) 7385 50 K(1%) 3%
i CD/10° P2M/10° CD/10° P2M/10°
PO R BERAY 21.14 2.01 6.03 0.55
&I EE T 36.88 12.87 18.67 9.98
A SRy E8 ity 21.29 2.18 6.25 0.63
SE A AR 20.92 2.02 5.98 0.49
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Table 5 The comparison of parameter count between 8] FA 3t B 1) % bk
one-stage model and two-stage model Table 6 The comparison of training and testing time
Jrik SHM between one-stage model and two-stage model on
— PUNet dataset
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