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ABSTRACT

Raw point clouds captured by sensing devices are often contaminated with noise, which perturbs
the fidelity of the original geometric information. Point cloud denoising is therefore an inseparable
post-processing step, aiming to remove the noise in the point clouds. Existing point cloud denoising
approaches are typically trained on datasets that have uniform point distributions and densities,
making them unsuitable for effectively denoising point clouds with severe noise or irregular point
distributions. In this paper, we introduce a novel random screening-based feature aggregation method
for point cloud denoising. Our key insight is that merging features of dense and sparse points assists
with enhancing the quality of point cloud denoising results. In specific, our approach involves randomly
screening the features of local point patches and fusing richer geometric information of denser points
into sparser point representations. Comprehensive experiments demonstrate that our method achieves
state-of-the-art performance in the point cloud denoising task on both synthetic and real-world
datasets.

© 2023 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NClicense

(http://creativecommons.org/licenses/by-nc/4.0/).

1. Introduction

Point clouds are used in a vast range of applications, such
as 3D scanning, computer-aided modelling, autonomous driv-
ing and object tracking. Nonetheless, raw point clouds are of-
ten contaminated by noise and outliers due to various factors,
including the inherent noise from the environment and preci-
sion limitation of the sensing devices. As a result, the fidelity of
the original geometric information is corrupted, which prevents
point clouds from being effectively utilised. To tackle this issue,
point cloud denoising is an indispensable processing step for the
aforementioned applications.

Due to point clouds’ irregular, unordered and discrete charac-
teristics, point cloud denoising has been a non-trivial task over
the decades. Traditional optimisation-based point cloud denois-
ing methods such as [1-7] involve complex parameter tuning,
which brings unnecessary burdens to users. Also, it might be
difficult for such methods to achieve noise reduction and feature
preservation at the same time. Moreover, some optimisation-
based methods may become less robust to point clouds contam-
inated with severe noise [8]. In recent years, the development
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of deep learning has significantly advanced data-driven point
cloud denoising [9-16]. Learning-based point cloud denoising
methods have significantly reduced the burden of parameter
tuning, and have demonstrated improved capability in feature
preservation during the denoising process. Nonetheless, exist-
ing learning-based point cloud denoising methods may exhibit
reduced robustness when dealing with point clouds that are con-
taminated with severe noise or have varying point distribution
densities.

In this paper, we propose a novel learning-based point cloud
denoising method which effectively addresses the aforemen-
tioned limitations. Our key insight is that utilising a random
screening-based feature aggregation technique can significantly
enhance the robustness of point cloud denoising performance.
We design an encoder-decoder architecture for our network,
and perform point cloud denoising in a local-based manner. For
each noisy point, we query its local neighbouring points within
a specific ball radius (i.e., as a local patch), and feed the patch
into our graph-based point encoder to obtain their features. We
then input the features into screening-based feature aggregation
modules, in which we fuse the global features of each denser
patch into the features of its screened (i.e., randomly sampled),
sparser sub-patch. By doing so, we incorporate richer geometric
information into sparser points, which helps with improving the
network’s robustness during denoising. We perform screening-
based feature fusion twice to obtain the final aggregated patch
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features. Then, we regress point-wise weights using the aggre-
gated features and utilise them to predict the final displacement
vector, representing the predicted position of the corresponding
clean point. We train our network using a surface proximity loss
in conjunction with a weighting loss to remove noise and min-
imise the negative impacts from irrelevant points, respectively.
Experiments on synthetic and real-world datasets demonstrate
that our method achieves state-of-the-art performance on point
cloud denoising tasks. In short, our contributions are summarised
as follows:

e We propose a novel learning-based point cloud denoising
technique with a key insight of random feature screening.

e We design a feature aggregation module to incorporate ge-
ometric information of denser point patches into sparser
ones, which assists with improving the network’s robust-
ness against noise and irregular point distributions.

e We conduct comprehensive experiments and demonstrate
that our method shows competitive denoising performance
on both synthetic and real-world datasets.

2. Related work
2.1. Optimisation-based point cloud denoising

Conventional point cloud denoising approaches are typically
optimisation-based, with the aim of minimising objective func-
tions that represent different geometric constraints. An early
work by Alexa et al. [1] exploits moving least squares (MLS),
which approximates clean surfaces from local point neighbour-
hoods to denoise point clouds. While the approach is effective, it
tends to be fragile to more severe noise and output sub-optimal
results. In order to improve the robustness and accuracy of the
MLS method, Oztireli et al. [5] propose robust iterative mov-
ing least squares (RIMLS), which iteratively updates neighbour
fitting weights to enhance the surface fitting process step by
step. There are also other variants of MLS [2-4,17,18] in addition
to the aforementioned work. From a similar perspective, Cazals
et al. [19] propose a jet-fitting framework to approximate the
surfaces that fit onto the noisy point surfaces. Nevertheless, the
aforementioned methods require users to input proper parame-
ters to perform effective optimisation, where parameter-tuning
is a difficult and non-trivial task especially for users without a
professional background.

In order to alleviate the pain in parameter tuning, Lipman
et al. [20] propose locally optimal projection (LOP), which
achieves denoising by projecting noisy points onto the local opti-
mal tangent plane without the need for parameter-tuning. Huang
et al. [21] extend the idea and propose a weighted local optimal
projection (WLOP) method, which considers contribution during
the iterative projection process. Preiner et al. [22] improve WLOP
by introducing a Gaussian mixture that describes the density of
input points, which also significantly improves the calculation
efficiency. However, the aforementioned LOP-based methods may
tend to blur sharp features during the denoising process. In order
to address the issue, [23,24] are proposed with the aim of pre-
serving sharp features, such as the edge or corner regions in the
input shapes. In recent years, other types of point cloud denoising
methods have emerged. For instance, Mattei et al. [25] propose
moving robust principal component analysis (MRPCA), a sparsity-
based method to denoise point clouds. Zeng et al. [26] propose
graph Laplacian regularisation (GLR), a graph-based framework
that employs the Laplacian regularisation approach to remove
point cloud noise.

2.2. Learning-based point cloud denoising

The introduction of point cloud learning backbones, including
PointNet [27], PointNet++ [28] and DGCNN [29], significantly ac-
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celerates the development of learning-based point cloud denois-
ing. An early work is PCNet [9], which exploits a PointNet-based
backbone to predict a displacement vector for each noisy point
based on its local neighbourhood structure. The displacement
vector is added to each noisy point as its predicted clean position.
While PCNet is simple yet effective, its point-based convolu-
tional backbone does not consider the relationships among local
neighbouring points, which makes it less context-aware and less
robust to severe noise. Later, Pistilli et al. [30] propose GPDNet,
which utilises graph convolutional networks and demonstrate
improved denoising results on point clouds contaminated with
higher levels of noise. Hermosilla et al. [10] propose TotalDe-
noise, an unsupervised framework for point cloud noise removal.
While the aforementioned methods demonstrate capabilities in
denoising, they are likely to result in shape shrinkage. To alle-
viate the issue, Luo et al. [12] propose a differentiable manifold
reconstruction method (denoted as DMR), which achieves point
cloud denoising by downsampling noisy points to obtain a dif-
ferentiable manifold and then resampling clean points. However,
such a downsampling-resampling process may inevitably discard
geometric details in the input point clouds. In order to enhance
geometric feature preservation, Zhang et al. [ 13] propose PointFil-
ter that utilises normals to help with sharp feature preservation
during the point cloud denoising process. Similarly, Lu et al. [31]
achieve feature-preserving point cloud denoising via a 2-step
approach, including a feature classification step and a denoising
step, respectively. Recently, Luo et al. [14] propose score-based
denoising (abbreviated as Score) which exploits gradient ascend-
ing to remove the noise component in the input point clouds, and
Mao et al. [32] utilise normalising flows to achieve denoising. To
exploit the advantages of multi-scale patches, Huang et al. [15]
propose MoDNet that samples patches in multiple sizes and re-
gresses multiple offset vectors to guide point cloud denoising.
While such an approach extracts richer geometric information
about point local neighbourhoods, it may still become less robust
to severe noise or irregular sampling density.

3. Method

Given a point cloud contaminated with noise, we aim to re-
move the noise component and restore the clean point positions.
We define a noisy point cloud P as

P=P+N, (1)

where P = {p; | i = 1,2,..., T}, T is the total number of the
points within the noisy point cloud 7, P is the corresponding
clean point cloud that represents the ground-truth surface in-
formation, and A is the noise component. We aim to remove
noise A in a patch-based manner, which indicates that each
denoised point is dependent on its nearby points within a local
neighbourhood. In this paper, we regard the noise component
N as a set of displacement vectors that is applied to each point
within the noisy point cloud 7, and we aim to regress such
displacement vectors to restore the positions of the original clean
points.

The overview of our network architecture is shown in Fig. 1. In
Section 3.1, we introduce the preliminaries for the denoising task,
followed by a description of our network structure in Section 3.2.
Finally, in Section 3.3, we introduce the loss functions for network
training.

3.1. Preliminaries

For any point p; in a noisy point cloud P, we define a local
patch 7; that is centred at point p; as

Pi=1{0; | |Bj—bil| <r. By P} (2)
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Fig. 1. The pipeline of our approach. For each input patch, we first normalise it and extract its features using a graph-based feature encoder. Then, we aggregate
the features using our random screening strategy. Specifically, we fuse the global feature of the denser point patch into the features of the sparser patch. Finally,
we regress point-wise weights from the aggregated point features and utilise them for clean point prediction (as displacement vectors), and we utilise our surface
proximity loss Ly and weight loss L,, to train our network. The predicted points go through a reversed normalisation process and form the final denoised point cloud

during testing.

where r represents the radius of a ball centred at point p;,
and p; is any neighbouring point within the specific radius r. r
is calculated based on the bounding box diagonal of the noisy
point cloud P. During training, we also require the corresponding
ground-truth patch P; in the clean point cloud P, which is defined
as

Pi={pj| |p—0i] <r. pjeP}. (3)

where we query the ground-truth patch points using the noisy
point p; and the radius r. Nonetheless, it is worth noting that raw
patches could be of various sizes and contain arbitrary degrees
of freedom (i.e., rigid transformations, including translations and
rotations), making it infeasible for neural networks to effectively
learn features from the patches [13,33]. In order to alleviate
the issue, we follow the patch normalisation process in prior
work [9,13,33]. In specific, we first translate the noisy patch to
its origin and normalise its size to a unit sphere, i.e., the process
is defined as 7; (P; — pi)/r. Similarly, we perform the same
operation for the clean patch, where the process is denoted as
Pi (P — Pi)/r. Then, for each noisy patch #;, we compute a
3D rotation matrix R by performing principal component analysis
(PCA) decomposition on it. We multiply 7; by R in order to align
it to the canonical space and apply the same rotation to the
corresponding ground-truth patch 7;. As a result, we remove the
unnecessary degrees of freedom in the patches, making them stay
invariant under arbitrary rigid transformations. For the rotation
matrix R, we use its inverse matrix R~! to map the denoised point
back to its original position during the testing phase.

As the patches are queried within a specific radius, the number
of points within each patch may be inconsistent with each other,
preventing them from being formed into batches and fed into
the neural network. An effective way to address this issue is
performing point sampling for the input patches [9,13,15] using
a pre-defined patch size N. We pad extra points for patches con-
taining fewer points than N, and downsample patches with more
than N points. In both cases, we shuffle the points within each
sampled patch such that the order of the points is randomised.
Following prior work [13], we empirically set N 500 and
r = 5% of the input shape’s bounding box diagonal during our
experiments.

3.2. Random screening-based feature aggregation network

Our network adopts an encoder-decoder structure, which
takes in pre-processed local patches and encodes them as fea-
ture matrices. Then, it performs random screening-based feature
aggregation and finally decodes the features as displacement
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vectors, which represent the corresponding positions of predicted
clean points.

Point Encoding. Prior work such as [9,13] typically exploit
point convolutional network based on PointNet [27], which ig-
nores the relationships between each point and its local neigh-
bouring points that potentially contribute to the feature encoding
process [30]. Inspired by this, we adopt the technique in [34],
where we aggregate the local neighbourhood’s feature for each
input point in 7; and refine the features via a series of Dense Block
modules [35]. Finally, we perform max-pooling to obtain a point-
wise feature matrix for each patch P;. We denote this matrix as
F;, an N x C matrix where C represents the number of encoding
dimensions.

Random Screening-based Feature Aggregation. In order to
fully exploit point position information, a common approach is
fusing the features of larger patches into smaller sub-patches,
which is typically achieved by tensor operations such as con-
catenation [34,36]. However, this technique is typically adopted
when the training data has a uniform point resolution, which
may cause the network to become less robust on points with
varying sampling densities. Inspired by this, we propose a novel
feature aggregation technique where we fuse the global feature
of a denser patch with the features of its randomly-sampled
sub-patch.

Given the input feature matrix F;, we extract its global
permutation-invariant feature and denote it as G;, which is a
1 x Cg vector with C; dimensions. Meanwhile, we randomly
screen the patch feature F; and keep half of the point features
in it, which forms an % x C matrix. As the corresponding patch
of F; is P;, we denote the screened feature’s corresponding patch
as P/, which contains ¥ points and 7 C 7 (i.e. all points in
75{ are included in 7;). We duplicate the global feature vector
G; for § times and obtain an § x C; matrix. Subsequently,
we concatenate the duplicated global feature and the sub-patch
feature together and feed the concatenated feature matrix into
a multi-layer perceptron (MLP) layer, from which we obtain the
output feature F;, an % x 2C matrix where 2C is the encoding
dimension.

Then, we repeat the aforementioned random screening pro-
cedure for F,, for which we denote the corresponding screened
sub-patch as P/’ with % points. We also extract the global feature
G| of matrix F}, duplicate it for § times and concatenate it with
the screened matrix to form F;, which is an % x4C feature matrix.
As a result, the output matrix F/ incorporates richer geometric
information from denser patches in fewer point features. Such
a cascaded feature aggregation structure is also more effective
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than a single feature aggregation layer, which is discussed in our
ablation study in Section 4.4.

Output Module. Prior work typically performs uniform regres-
sion from each patch’s feature matrix to obtain a displacement
vector [9,13]. Nevertheless, not all points within a patch con-
tribute equally to the denoised result. In order to minimise the
impacts from irrelevant points, we regress point-wise weights
from the input patch feature and exploit them for displacement
regression. Inspired by [37], we let points that are closer to
the tangent plane of P;’s central point gain higher weights. The
tangent plane can be derived from the ground-truth normal ny,
which belongs to the closest clean point to the noisy query
point p;. As shown in Fig. 1, we denote the regressed point-wise
weights as W; = {w; |i=1,..., %}, which is calculated based
on the sub-patch P/. We then weigh the feature matrix F/ and
conduct max-pooling, from which we regress the displacement
vector d; for input point p;. The process is defined as:

d; = ¢(MAX(p(W; © F))), (4)

where ¢ and ¢ are MLPs, © represents element-wise multipli-
cation, and MAX denotes the max-pooling operation. The dis-
placement vector d; is added to the input noisy point p; in order
to approximate the clean point’s position, where we denote the
predicted denoised point as p;.

3.3. Loss functions

The denoised point should be as close to the underlying sur-
face as possible. Meanwhile, it needs to be located as close to the
input patch’s centre as possible, in order to avoid the clustering
issue [9,13]. Following PCNet [9], we formulate our surface prox-
imity loss function Ly with two terms: a distance-to-surface term
and a repulsion term, which correspond to the aforementioned
two objectives, respectively. L, is defined as

(5)

2
20

Ly = min I3 —pi]; + (1 — o) max [pi — b

where the min ||~||% term attempts to minimise the distance of
the denoised point to the clean surface, while the max ||-||§ term
forces the denoised point to stay at the centre of the clean patch.
p; represents any clean point belonging to the ground-truth patch
P;. Both terms are controlled by a trade-off factor «. Following [9],
we empirically set the factor « to 0.99.

We also introduce a weighting loss to train the weight regres-
sion component in our network. Following the definitions in prior
literature [34,37], we first define the distance of each point in
patch 73{’ to the patch’s tangent plane as

(6)
where py, € P/, n, is the aforementioned ground-truth normal.
The weight loss L,, is then defined as

M

1 N
M Z(wm - wm)zs

m=1

dm = |pm : np|7

(7)

where wy, is the predicted point-wise weight. W, = exp(—dn?/o),
o = max(0.0025, B * (ﬁ Z%Zl dn?)), B is empirically set to
0.3,and M = % which is equivalent to the size of the screened
patch 73{’. By doing so, points near the tangent plane of the
patch’s centre gain higher weights and thus contribute more to
the denoised result.

Our overall loss function combines Eqs. (5) and (7) and is

defined as
L=1Ly+ ALy, (8)

where we empirically set A to 1.0.
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4. Experiments and results
4.1. Implementation and training details

We implement our network using PyTorch and conduct the
experiments on a single NVIDIA RTX 3080 GPU with 10 GB
memory. We set the training batch to 64, and use a single Adam
optimiser during training. The initial learning rate is 0.0001 and
we multiply the learning rate with a 0.2 factor every 20,000 batch
iterations.

For the training phase, we follow the prior work [14] and
adopt PUNet’s [38] training dataset. The dataset contains 40 dif-
ferent mesh shapes, as well as the corresponding ground-truth
point clouds in 3 resolutions (10,000, 30,000 and 50,000 points
per shape). All points are sampled from the surfaces of the mesh
shapes, such that the points depict the ground-truth geometric
information. In addition, as our weight loss L,, requires ground-
truth normals, we query each point’s corresponding ground-truth
normal on the mesh surface, and assign the normal to the point.
During the training process, we follow [14] and add noise to the
clean points on the fly. In specific, we randomly perturb each
point cloud with Gaussian noise, which comes with a standard
deviation from 0.5% to 2.0% of the shape’s bounding sphere radius.
Then, we randomly select a point on each noisy shape as the seed
point, which is used for querying the noisy and clean patches.

4.2. Quantitative results

PUNet Dataset. We first demonstrate quantitative perfor-
mance on PUNet’s test dataset. It contains point clouds sampled
from 20 mesh shapes at two resolutions settings: sparse, where
each shape contains 10,000 points, and dense, where each shape
contains 50,000 points. Each resolution has three levels of Gaus-
sian noise augmentation, with a standard deviation of 1%, 2% and
3% of the bounding sphere’s radius for each shape, respectively.
Following prior work [14], we denoise for 1 iteration for shapes
contaminated with 1% and 2% noise, and denoise for 2 iterations
for shapes contaminated with 3% noise.

We evaluate the results on two metrics: Chamfer distance (CD)
and Point-to-mesh distance (P2M). CD measures the distances
of the points in the denoised point cloud to the ground-truths,
and P2M measures the accuracy of the points describing the
underlying surface [32]. The CD error metric Lcp is formulated as

- 1 1
Lop(P, P)= — min ||p —p|l + — min ||p — p|, 9
(P, P) |7>|_Zpev» I — pl |7>|Zl5€75 lp—Bl, (9
peP peP

where P represents for the denoised point cloud, p represents
each denoised point in it, and P stands for the ground-truth point
cloud. The P2M error metric Lpyy is defined as

_ 1 - 1 o
Leaw(P, M) = = 3 mind(p. f) + WEZMEZW("’” (10)

P

pPEP

where M is the corresponding mesh of the ground-truth point
cloud P, and f represents each triangular face in mesh M that is
the nearest to each denoised point p.

The quantitative results are demonstrated in Table 1. Our
method achieves the minimum CD and P2M results compared
with other methods in most cases, and achieves the minimum CD
and P2M values on average. Fig. 2 shows the visualised point-to-
mesh proximity and P2M error of the denoising results of 2 noisy
shapes, Kitten and Horse, where each shape contains 50k points
and is contaminated by 2% and 3% noise. Points in yellow denote
that they are further from the ground-truth surface, and dark
blue points are closer to the surface. The results demonstrate that
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Table 1
Quantitative performance on PUNet dataset. The CD,
marked with underline.
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P2M results are both multiplied by 10% The best results are marked in bold, and the second best results are

Density 10k 50k Average
Noise level 1% 2% 3% 1% 2% 3% CcD P2M
Method CD P2M CD P2M CD P2M CD P2M CcD P2M CcD P2M
Jet [19] 3.47 1.20 4.83 1.89 6.15 2.86 0.82 0.19 2.38 1.35 5.64 4.16 3.88 1.94
GPF [24] 3.28 1.17 4.18 1.54 5.37 2.75 0.76 0.23 2.04 0.94 3.82 2.87 3.24 1.58
MRPCA [25] 3.14 1.01 3.87 1.26 5.13 2.03 0.70 0.12 2.11 1.06 5.64 3.97 343 1.58
GLR [26] 2.79 0.92 3.66 1.14 4.84 2.08 0.71 0.18 1.61 0.85 3.74 2.67 2.89 1.31
PCNet [9] 3.57 1.15 7.54 3.92 13.0 8.92 0.95 0.27 1.56 0.62 2.32 1.32 4.82 2.70
GPDNet [30] 3.75 1.33 8.00 4.50 134 9.33 1.97 1.09 5.08 3.84 9.65 8.14 6.98 471
PointFilter [13] 2.86 0.75 3.97 1.30 4.94 2.14 0.82 0.24 1.46 0.77 2.25 1.44 2.72 1.11
DMR [12] 4.54 1.70 5.04 2.13 5.87 2.86 1.17 0.46 1.58 0.81 245 1.54 3.44 1.58
Score [14] 2.52 0.46 3.68 1.08 4.69 1.94 0.71 0.15 1.28 0.57 1.92 1.05 2.47 0.88
MoDNet [15] 2.37 0.35 3.71 1.00 5.11 2.00 0.69 0.11 1.04 0.34 1.48 0.67 2.40 0.75
Ours 2.38 0.38 3.55 0.90 448 1.59 0.70 0.12 1.00 0.31 1.39 0.61 2.25 0.65
Clean Noisy Table 2
- Quantitative performance on the ABC Dataset, where the best results are shown
in bold. The CD, P2M results are both multiplied by 10*
0 ; 0.0 4.0 x 1074 in bo’d. . P y 0.
2% Noise Method CD P2M
Score [14] 2719 1.302
MoDNet [15] 2511 1.104
Ours 2.299 0.920
Clean Noisy
0.4125 0.2501 0.2338
H 5 0.0 2.0x107*
0.5794 0.3518 0.3012

3% Noise

0.5108
1.1143 0.6797 0.6560
Noisy Score MoDNet Ours

Fig. 2. Denoising performance on PUNet's 50k-resolution point clouds with 2%
and 3% noise, where we visualise the point-to-mesh proximity and display the
P2M results. The displayed P2M values are multiplied by 10%.

our method achieves a smaller P2M error, and achieves desirable
feature preservation on small details.

ABC Dataset. We show the performance on the ABC Dataset
[39], which consists of a large number of computer-aided design
(CAD) shapes. We evaluate on 1,792 shapes in total, where we add
Gaussian noise on the ground-truth point clouds and evaluate the
denoising performance of the state-of-the-art methods, Score [14]
and MoDNet [15], as well as our proposed approach. As shown
in Table 2, our method outperforms Score and MoDNet in terms
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0.9990
Score

0.8990
MoDNet

0.7963

Noisy Ours

Fig. 3. Denoising performance on the ABC Dataset, where we visualise the point-
to-mesh proximity and display the P2M results. The displayed P2M values are
multiplied by 10%.

of average CD and P2M errors. We also visualise the denoising
results of several shapes in Fig. 3.

Kinect Fusion Dataset. We also test on Kinect Fusion [40]
dataset, where the 3D geometric information is captured by
depth-cameras. The point clouds’ geometry is contaminated with
noise due to the sensors’ limited precision as well as potential
environmental noise factors, which is significantly different from
Gaussian noise. We denoise the noisy point clouds and measure
their point-to-mesh distances using their corresponding ground-
truth meshes, and the results are demonstrated in Fig. 4. Despite
the challenge that the noise type is different from Gaussian noise,
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Clean Noisy

0.0 1.0x 107*
0.3032 0.3176 0.2880
0.1940 0.2027 0.1829

1.1593

1.2353 1.2132

Noisy Score MoDNet Ours
Fig. 4. Denoising performance on Kinect Fusion dataset, where we visualise the
point-to-mesh proximity and display the P2M results. The displayed P2M values

are multiplied by 10%.

Clean Noisy
0.0 1.0x 1073

1.9878

3.0049 2.5784

Noisy Score MoDNet Ours

Fig. 5. Denoising performance on an irregular Icosahedron shape, where we
visualise the point-to-mesh proximity and display the P2M results. The displayed
P2M values are multiplied by 10

our method can also handle such type of noise and outperforms
other denoising methods.

Irregular Point Distribution. In addition, we demonstrate the
denoising performance on uneven point distributions. As shown
in Fig. 5, the Icosahedron shape has irregular point distribution
and is corrupted with noise, which turns noise removal into a
challenging task. We visualise the point-to-mesh proximity and
the P2M errors in Fig. 5, where our method outperforms the state-
of-the-art methods, Score [14] and MoDNet [15] in terms of the
P2M metric.

4.3. Qualitative results
We demonstrate the denoising results on Paris-rue-Madame

[41] dataset. It contains point clouds depicting the street scenes
in Paris, which are captured by mobile laser 3D scanners. Due to
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Table 3
Ablation study on our network structure and training configurations. The CD,
P2M results are both multiplied by 10%.

B/

No. Pi P A Aggregation Ly, D P2M

1 v v 3.556 1.149
2 v v v v 3.321 0.975
3 v v v v 3.324 0.977
4 v v v 3.321 0.975
5 v v v v 4,054 1.407
6 v v v v v 3.297 0.961

environmental factors such as lighting conditions and occlusion,
the points are contaminated with significant noise and their
distribution is much more irregular. The ground-truth points are
unknown, such that we only display the visual effects of the
denoised points. As demonstrated in Fig. 6, our method effectively
restores the geometric information near the A-pillar and the
car window area, compared with the state-of-the-art methods
Score [14] and MoDNet [15].

4.4. Ablation study

Feature Aggregation Methods. In order to evaluate the effec-
tiveness of our feature aggregation layers, we present ablation
study regarding different configurations for our module. Follow-
ing [14,32], we evaluate the performance on PUNet’s validation
dataset, which contains training point clouds with 10,000 points
per shape and is augmented by 1.5% Gaussian noise based on each
shape’s bounding sphere radius. We list the results of our ablation
study by outlining CD and P2M errors of different configurations
in Table 3. The configurations we have evaluated include:

1. without any feature aggregation operations, where we di-
rectly extract the feature of the original N-point patch 7,
and pass the feature into simple MLP layers for subsequent
operations (i.e., denoised point prediction and weight re-
gression). We do not perform any feature sampling or
aggregation;

2. single feature aggregation, where we concatenate the
global feature of 7; with the local feature of 7/ (i.e., con-
catenate the N-point patch’s global feature with its %—point
sub-patch);

3. single feature aggregation, where we directly concatenate
the global feature of 7; with the local feature of 7/ (i.e.
concatenate the N-point patch’s global feature with its
& -point sub-patch);

4. downsample P; to 73{ , then concatenate the global feature
of P/ with the local feature of P/ (i.e., concatenate the
&-point patch’s global feature with its & -point sub-patch);

5. follow the full feature aggregation pipeline in Fig. 1, with-
out the use of the weighting loss function L,,, and

6. following the full feature aggregation pipeline in Fig. 1 and
use all loss terms.

The results demonstrate that utilising the full screening-based
feature aggregation pipeline achieves more desirable denoising
outcomes than other settings. Also, the weighting loss is effective
in eliminating the impacts from irrelevant points, resulting in
lower CD and P2M errors.

Point Feature Sampling Ratio. We also evaluate different
sampling ratios other than % on our validation dataset. As demon-
strated in Table 4, our % sampling ratio achieves the minimum
P2M error compared with others (i.e., 1, 2 and 2).

Comparison with Cascaded Scale Feature Aggregation. We
also compare with cascaded scale feature aggregation, which is a
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Score

Fig. 6. Point cloud denoising results on Paris-rue-Madame dataset.

Table 4
Sampling ratios and the corresponding P2M errors, which are multiplied by
104,
Sampling ratio
P2M error

1/3
1270

1/2
0.961

2/3
1.254

3/4
1251

CD: 4.150
P2M: 1.626

CD: 4.427
P2M: 1.818

CD: 4.090

CD: 4.339

P2M: 1.683 P2M: 1.520
Noisy Clean Cascaded Scale Ours (Screening-
Feature based Feature
Aggregation Aggregation)

Fig. 7. Comparison with cascaded scale feature aggregation technique. The CD
and P2M are multiplied by 10%, respectively.

technique adopted by prior work [34,36]. For example, in [36], the
features of large-scale patches are fused into small-scale patches.
We observe that this technique achieve similar performance com-
pared with our method on lower noise levels. Nonetheless, our
method becomes superior in terms of geometry preservation
for shapes contaminated by severe noise. Examples in Fig. 7
demonstrate the denoising results on point clouds with 10,000
points and 3% Gaussian noise, where our method outperforms the
scale-based feature aggregation method on CD and P2M metrics.

5. Application
Denoised point clouds can be used for mesh surface recon-

struction, where more accurate filtered points lead to better
visual results for the reconstructed mesh shapes [42]. We adopt
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Clean Noisy

Original Score MoDNet Ours

Fig. 8. The mesh surface reconstruction results and the corresponding point
clouds.

Poisson reconstruction [43], a common backbone utilised by prior
work such as [13]. As Poisson reconstruction requires point nor-
mals as its input, we use the PCA normal estimation method [44]
to estimate normals on the denoised point clouds, where we set
the k-nearest neighbours to 100. We show examples of denoised
point clouds as well as their reconstructed mesh surfaces in Fig. 8,
where our method delivers more accurate reconstruction results
on edges and complicated regions, as shown in the close-up
pictures.

6. Conclusion

In this paper, we proposed a novel random screening-based
feature aggregation technique for point cloud denoising. Our
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network removes noise of point clouds in a patch-based manner,
where we randomly screen the features of local patches, and fuse
the features of denser patches into sparser sub-patches. Richer
geometric representations are thus incorporated into fewer
points, which improves the network’s robustness on severe noise
and irregular point distributions. Comprehensive experiments on
synthetic and real-world datasets demonstrate that our method
delivers competitive point cloud denoising performance, achiev-
ing state-of-the-art results.
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