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Learning Implicit Fields for Point Cloud Filtering

Jinxi Wang, Xuequan Lu
and Ying He

Abstract—Since point clouds acquired by scanners inevitably
contain noise, recovering a clean version from a noisy point cloud is
essential for further 3D geometry processing applications. Several
data-driven approaches have been recently introduced to overcome
the drawbacks of traditional filtering algorithms, such as less robust
preservation of sharp features and tedious tuning for multiple
parameters. Most of these methods achieve filtering by directly
regressing the position/displacement of each point, which may blur
detailed features and is prone to uneven distribution. In this article,
we propose a novel data-driven method that explores the implicit
fields. Our assumption is that the given noisy points implicitly define
a surface, and we attempt to obtain a point’s movement direction
and distance separately based on the predicted signed distance
fields (SDFs). Taking a noisy point cloud as input, we first obtain a
consistent alignment by incorporating the global points into local
patches. We then feed them into an encoder-decoder structure and
predict a 7D vector consisting of SDFs. Subsequently, the distance
can be obtained directly from the first element in the vector, and
the movement direction can be obtained by computing the gradient
descent from the last six elements (i.e., six surrounding SDFs).
We finally obtain the filtered results by moving each point with
its predicted distance along its movement direction. Our method
can produce feature-preserving results without requiring explicit
normals. Experiments demonstrate that our method visually out-
performs state-of-the-art methods and generally produces better
quantitative results than position-based methods (both learning
and non-learning).

Index Terms—Point cloud filtering, implicit surface, deep lear-
ning, feature-preserving.

I. INTRODUCTION

ESEARCHERS have made significant progress in point
R cloud filtering recently. Point cloud filtering methods can
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be naturally classified into optimization-based and learning-
based types. CLOP[1] isoneof the LOP-based methodswithout
requiring normals. Although it achieves good smoothing effects,
many detailed features become blurred. RIMLS [2] fallsin the
category of ML S-based methodsthat can better keep the detailed
featuresof thenoisy input. Subsequently, GPF [ 3] was proposed,
which achieves good outcomes in preserving sharp features,
especialy for CAD models. However, this method requires a
pre-processing step of downsampling, making it difficult to keep
detailed features. The optimization methods often rely heavily
on suitable parameter tuning and high-quality normals, and er-
roneous normal estimation can easily distort the filtered results.

Data-driven approaches have shown prominent effectiveness
in dealing with point cloud tasks [4], [5], [6]. Regarding point
cloud filtering, most learning-based methods [7], [8], [9] filter
points based on direct regression of point positionsor estimation
of correction vectors. Specifically, most of them extract point
features by local patches and decode them into filtered points.
These methods can smooth point clouds with a slight feature-
preserving effect. To keep sharp features, Zhang et a. [10]
designed a projection loss function that incorporates ground
truth normals. They obtain promising sharp feature-preserving
outcomes. However, ground truth normals may not provide a
suitable guide for the direction of point movement and can
drive points toward sharp edges, resulting in gaps that affect the
filtering and further reconstruction quality. In addition, when
the input points are sparse, it can easily lead to shrinkage and
outliersin the filtered results.

We observe that existing methods often employ repulsion
forcesin theloss function to achieve uniform point distribution,
bringing about extra complexity. While SDFs can provide
a continuous representation of surfaces, allowing for more
accurate recovery of point cloud surfaces. In addition, we find
that the gradient of the SDF at apoint on the surface can provide
the direction of movement towards the underlying surface. By
utilizing thisproperty, we can compute more accurate movement
directionsfor noisy points during point cloud filtering, ensuring
they areguided properly to movetotheunderlying surface. Fig. 1
showsthat theground truth normal smay not accurately represent
the true direction of movement of the noisy point towards the
underlying surface. To learn the underlying clean surface with-
out requiring any ground truth normal information, we propose
a novel point cloud filtering method via learning the Signed
Distance Fields (SDF) of the underlying surface. Different from
theimplicitlearninginsurfacereconstruction[11],[12],[13], we
attempt to explicitly derive themovement direction using merely
the learned SDF values for point cloud filtering. Specifically,
wefirst align theinput local patches by computing amore stable
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(b) GT normal (c) Movement di-

rection

(a) Noisy input

Fig. 1. Filtered point cloud by using ground truth normals and our derived
SDF movement direction. The MSE errors are 6.878 and 4.056 (x10~?), and
the CD errors are 5.519 and 0.565 (x 10~5), respectively.

rotation matrix to facilitate the predictions of SDFs. Then, we
employ apatch-based encoder to extract thelocal features of the
input point patch and decodeittoal x 7 vector of SDFs of the
central point. Thefirst element is directly served as the moving
distance. We then calculate gradient descent from the last six
elements of the vector (i.e., six surrounding SDFs of this point)
and convert it to the final moving direction by giving anegeative
sign. We finally get the filtered results by shifting each noisy
point along its derived movement direction with its predicted
distance. To the best of our knowledge, this is a pioneering
study that models SDF distance for point cloud filtering and
also seminal to explicitly derive an accurate direction with the
learned SDF values to guide noisy points moving toward the
underlying surface. Our method can obtain uniformly distributed
outcomes and sharp feature-preserving effectswithout requiring
either normals or repulsion force in designing our loss function.
Comprehensive experiments demonstrate the effectiveness of
this method and show it generates state-of-the-art filtering
results.

The main technical contributions of this paper are:

e anovel point cloud filtering method vialearning the Signed
Distance Fields of the implicit surface, leading to the de-
composition of apoint’s movement distance and direction,
and

e amulti-task loss function that takes the distance loss, the
direction loss, and the projection loss into account.

I1. RELATED WORK
A. Traditional Methods in Point Cloud Filtering

MLS-Based: Many filtering works [2], [14], [15], [16], [17]
arebased ontheMoving Least Squares(MLS) sinceit hasstrong
expressive power in designing effective underlying surface rep-
resentations. Levin et a. [14] proved that MLS works better
in interpolation and smoothing which can be used for surface
approximation. Subsequently, Levin et a. [15] proposed an
ML S-based projection strategy by surface interpolation where
they first define alocal reference domain and then construct an
ML S approximation thus obtaining a smoothing surface. Alexa
et al. [16] designed a smooth surface manifold by incorporating
local maps into MLS approximation. Guennebaud et al. [17]
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presented a new Point Set Surface (PSS) definition based on
ML S fitting with algebraic spheres. Oztireli et a. [2] combined
theimplicit MLS surfaces with robust statisticsasalocal kernel
regression problem. These methods can yield good results in
removing noise and maintaining geometric features. However,
such local-based methods often do not take into account the
distribution of filtered points, which makes the filtered results
often unevenly distributed.

LOP-Based: The Locally Optimal Projection (L OP) operator
allows promising surface approximation without requiring any
explicitorimplicit approximationspace. Lipmanetal. [18] intro-
duced it for surface approximation from the point cloud and pro-
vides a second-order approximation to smooth surfaces. There
are severa variants based on this concept such as WLOP [19],
CLOP[1], FLOP[20]. WLOP[19] added aweighted LOPopera-
tor soastoimprovethequantity of theinitial estimateof normals.
Preiner et a. [1] proposed anovel continuous formulation of the
WLOP operator based on a Gaussian mixture, namely CLOP,
which greatly improves the efficiency of the origina WLOP
operation. Liao et al. [20] designed abilateral weighting operator
that considers spatial and geometric information for feature-
preserving approximation. However, such methods assume that
the underlying surface is smooth, which makes it difficult to
maintain the sharp features of the model.

Nonlocal-Based: Researchers also investigate the nonlocal
aspect of point cloud filtering. The nonlocal-based filtering
methods include [21], [22], [23], [24], [25] etc., where they
tend to update point positions by designing different similarity
descriptions. Digne et al. [21] designed a height vector field
for each point and updated the point via a low/high-frequency
decomposition. Then Digne et a. [22] designed a local shape
descriptor named Local Probing Field (L PF) for nonlocal shape
analysis, which can handle shapes with mixed intrinsic dimen-
sions. Sarkar et a. [23] divided the point cloud into patches
and designed a local descriptor based on the dictionary learn-
ing framework. Besides, Zeng et a. [24] introduced a low-
dimensional manifold model to surface patches in the point
cloud and designed a patch-based manifold prior to seeking
self-similar patches for noise removal. Wang et a. [25] de-
signed the similarity of local patches through the RPCA de-
composition and aggregated nonlocal similar information in the
canonical space for the position update stage. These methods
fully consider the nonlocal nature of the geometric model with
feature-preserving effects. However, raw point clouds are often
vast with the development of scanning devices, and nonlocal
methods usually require multipletraversals of each point, which
is time-consuming.

Others: In addition to the aforementioned methods, Lu
et a. [3] proposed a robust feature-preserving filtering scheme
called GPF that extended Gaussian Mixture Models (GMMs)
to robustly reconstruct a high-quality point set with a sharp
feature-preserving effect. Lu et a. [26] designed a low-rank
matrix approximation algorithm for normal estimation which
guided the movement of points in the position update stage.
These methods mostly require reliable normals to ensure the
feature-preserving effect of the outcomes. However, it is till
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challenging to compute high-quality normals for severely cor-
rupted point clouds, and poor normals may distort the filtered
results.

B. Learning-Based Methods in Point Cloud Filtering

Early neural network architectures [4], [5], [6], [27] for di-
rectly processing point clouds have shown various applications
in point cloud tasks like filtering, classification, segmentation,
etc. PointNet [4] was first designed to tackle the problem of
permutation in-variance of input point cloud and provides a
unified architecture for classification and segmentation. Then
Qi et al. [27] proposed an enhanced version of PointNet, named
PointNet++, which incorporates multi-scale information of the
point cloud. PointNet++ can better learn deep point features
compared to the original version. POintCNN [5] isageneraliza-
tion of typical CNNsto point clouds by learning X -transformed
features. DGCNN [6] is another designed neural network that
can consume point clouds using a Dynamic Graph CNN. The
devel oped module dynamically computesthegraph at each layer
of the network.

In terms of point cloud filtering, Yu et al. [7] first designed
an edge-aware neura network called EC-Net for point cloud
consolidation. The network is trained patch-wise but needs
sharp-edge labeling manually. Roveri [8] proposed a generative
neural network called PointProNet for point cloud consolidation
viaheightmap generation. Hermosillaet al . [ 28] proposed apoint
cloud filtering neural network without requiring any ground
truth label in the training stage. Followed by PCPNet [29],
PointCleanNet [9] was proposed for outlier removal and noise
reduction from the corrupted point clouds. They first classified
and discarded outlier samples, and then projected noisy points
onto the underlying surfaces. Lu et al. [30] proposed tofirst esti-
mate normal s using height maps and then filter the point clouds
using an edge-aware position update method. Zhang et al. [10]
proposed a novel neural network for point cloud filtering by
| earning the di splacementshbetween noisy and clean points. Their
approach can maintain sharp geometric featureswhileremoving
noise. Francesca et al. [31] proposed a graph-convolutional
layer-based method that can handle high noise levels and rea
LiDAR scans. Luo et a. [32] proposed an autoencoder-like
network that learns the underlying manifold of the noisy point
clouds. Chen et al. [33] designed afeature-aware recurrent point
cloud denoising network to regress the displacement of noisy
points. Luo et a. [34] developed a denoising neural network by
performing agradient ascent on the log-probability function. de
Silva Edirimuni et al. [35] designed a novel loss function that
utilized a dynamically adjusted ground truth at each training
iteration.

C. Implicit Surface

The implicit surface representation has an attractive property
of quickly identifying the relationship between a point and a
surface by itscoordinates. Thisnature hasbeenwell investigated
in surface reconstruction by data-driven methods [11], [12],
[13]. Ladicky et al. [11] designed a suitable feature vector and
efficient oct-tree-based neural network, which could predict
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the SDF distance. However, this method needs ground truth
normals to guide the predictions of the sign of the SDF. Chen
et al. [13] designed an implicit decoder for representation learn-
ing and showed applicationsin generative shape modeling. Erler
et al. [12] proposed a novel point-based learning framework
that produces accurate surfaces directly from raw scans without
normal sby separating predi cted featuresinto acoarseglobal sign
with alocal absolute distance. In thiswork, instead of predicting
acoarsedirection (i.e., whether agiven point isinside or outside
the underlying surface), our approach introduces the implicit
idea of predicting a precise direction that could guide the points
to move onto the underlying surface.

IIl. OVERVIEW

Given a noisy point cloud, we first explain how we obtain
a more stable rotation matrix for aligning the input patch by
defining thelocal and global sampling strategy in Section IV-A.
We then briefly introduce implicit surfaces and decompose the
regression of noisy points into directions and distances in Sec-
tion I'V-B. Subseguently, we train an encoder-decoder network
introduced in Section IV-C to learn the implicit surface of the
input noisy point cloud by predicting the SDFs. Finally, we show
how we utilize these predictionsto cal culate the moving distance
aswell as the movement direction, followed by introducing the
loss functions in Section IV-D. Fig. 2 overviews the proposed
approach.

V. METHOD
A. Point Sampling

Local Sampling: We first denote the input noisy point cloud
with M points as: P = {;},, ; € R3. The corresponding
clean point cloud can be defined as: P = {p,;}?il, p; € R3. We
assume that each noisy point represents the location of a clean
point after moving a certain distance in a specific direction. Our
network aims to predict this direction and distance so the noisy
point can be directly moved back to the underlying surface. For

each noisy point, we define alocal structure éﬁ asfollows:
~l - - ~
Si = {0 | 15 — pill < p} D

where p;, p; € P. Sé is composed of neighboring points of p;
within afixed radius .

To project thenoisy point ontothenearest surface, wegenerate
the ground truth patch S’ by searching the same number of clean
pointswithin thefixed radius 1 of the noisy point ;. Our ground
truth local patch can be defined as:

Si = {p; | Ip; — bill < n} (@)
Global Sampling: To overcome the distraction of arbitrary ro-
tations of point clouds for training, researchers have explored
several techniquesfor aligning point clouds[10], [29]. Here, we
employ the QSTN [29] transformer to predict the rotation matrix
for aligning theinput patches. Sincethelocal patch hasvery lim-
ited information about the global structure of the point cloud, it
isdifficult to obtain arobust and valid rotation matrix by feeding
only the local pointsinto QSTN. Inspired by Points2Surf [12],
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Fig. 2.  Our network architecture. Given anoisy point (grey point), we generate local (purple points) and global (red points) patches from the noisy point cloud.
Wefirst feed the global part into the QSTN transform, thus obtaining a stable rotation matrix. Then, the aligned local patch isfed into the designed encoder-decoder
architecture. The predicted vector consists of a 7-dimensional vector of SDFs, where the absolute value of the first element serves as the moving distance (green
square), and the movement direction (pink squares) is obtained by computing the negative direction of the gradient descent from the last six predicted elements.

Finally, the noisy point is moved back onto the underlying surface (blue points) by shifting it along the movement direction with the predicted distance.

we obtain a second set of sampled points for each noisy point,

which considers global information. Specifically, for each point

Pi, We define:

_ 9 (p;)

oPj) == /=
U S

D5 — pill,

max; . p [|Dr

g(p;)= |1-15 3

= pill 0.05

where o represents the sampling probability of p; in P with
the fixed p;. g denotes afunction which decreases with distance
from p;. Equation (3) can sample more points near p; and fewer
points away from it, thus ensuring a closed object. Finally, the
global sampling points according to o can be formed as SZ
Patch Normalization: In our experiments, the point numbers

of S, and § are the same, and both are 500. Specifically, when

Si contains points less than 500, we generate 500 points by
randomly repeating sampleswithin the fixed radius ;.. When the
local sampling points are greater than 500, we generate the local
patch by randomly choosing 500 points within that radius. As
for S! and S, we first translate the patch points to the origin
according to p;, then we scale them to the uniform standard by
the fixed radius .. For the global sampling points Sf we centre
them according to p;.

B. Sgned Distance Function

Given a noisy point p;, we formulate the absolute distance
between it and theimplicit surface by Signed Distance Function
(SDF) as:

d(p;) = min (|p; — pul) @)

where py denotes the continuous point set on the underlying
surface. It is easy to see that if p; is on the boundary set, then
d(p;) = 0. Thus we can formulate our filtering problem as:

Ppre:{f(ﬁi)€R3|d(f):0}v
fBi) =pi+m-d(pi) ©)
Thepredicted point cloud P,,,.. canbeseen asaset of sampling

points from the underlying surface. Our goa is to predict the
movement direction m and the distance d(p; ) (i.e., SDF vaue).

Geometrically, the generated SDFs are given by a specific
iso-surface (i.e., d(p;) = 0). Thus we can obtain the movement
direction by calculating the gradient of the SDF of p; with six
surrounding SDFs and reverse it. The movement direction can
be generated by:

normalize ({d(p; + {h,0,0}) — d(p; — {h,0,0}),
d(f)l + {07 hv 0}) o d(ﬁl - {07 ha 0})7

where h denotesforward differentiation, and we set it to 0.0001.
The function normalize isto normalize the vector into a unit-
length vector.

C. Network Architecture

Wefirst feed the global sampling points Sf into a Quaternion
Spatial Transformer Network (QSTN) [29] to transform the
input patch points into a canonical pose. The QSTN is simple
and effective, and it is trained end-to-end in an unsupervised
manner. This processisfine-tuned during training using aspatial
transformer network [36]. The transformation is constrained to
rotations by outputting quaternions. The predicted quaternions
can then be converted to a 3 x 3 rotation matrix, aligning the
input points to a standard pose. The network first uses three 1d
convolutional layersto extract featuresfrom the global sampling
points S;, each followed by batch normalization and Rel.U
activation which can be formulated as:

X = ReLU(BN(Conv1d(X))) )

After feature extraction, we use max pooling to aggregate the
features. The features are then fed through 3 fully connected
layersto predict the quaternion representing the rotation.

F = ReL U(BN(Linear(Xpooleq))) )

Then an identity quaternion is added to the predicted quaternion
to handle identity transformations. Finally, the quaternion is
convertedtoa3 x 3 rotation matrix to transform the point cloud
into a canonical pose[29].

q=F+[1,0,0,0]

R = quat_to_rotmat(q) 9)
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We then use the rotation matrix R to normalize the orientation
of the input patch.

Di = Rp; (10)

Our encoder and decoder follow Pointfilter [10]. Specifically, our
feature representation for each point is computed by feeding the
input patch into MLPs. Each encoder layer uses batch normal-
ization and ReLU. Then, the extracted feature representations
can be aggregated by a max pooling layer. The decoder is
implemented by 3 MLP layers which use batch normalization
and ReL U, except for the last layer. We finally output a1 x 7
vector, where each element of the vector representsa SDF value.
Thefirst element isdirectly used asthe moving distance, and the
last six elements of the vector are used to calculate the direction
of movement.

D. Loss Function

Since our goal is to move the noisy point to the underlying
surface, we design a powerful loss function that consists of
3 loss terms, to preserve sharp features without requiring any
ground truth normal information and distribute more uniformly
without using any repulsion force. The predicted vector and the
corresponding ground truth vector can be defined as:

di = [Z1,22, 23,24, 25, T, T7]

di = [$17x27$37x47x57$67x7] (11)

wherez; representsthe SDF valueof j;, and thelast six elements
represent the gradient fields used to calculate the movement
direction of p;.

Our first loss term Lg;, directly calculates the L, distance
between the predicted SDFs and ground truth, which is defined
as.

Lais = |tanh(|d;|) — tanh(|d;]) ’ (12)

where L4; s can be seen as a constraint on distance.

Then we introduce aloss term to constrain the movement di-
rection. The movement direction can be obtained by calculating
the gradient of p;. Specifically, the gradient can be calculated
using the predicted SDFs around ;. The movement direction
can be generated by:

m,; = — normalize (zo — x5, x4 — X5, T6 — T7) (13)

We experimentally found that using the L, regression perform
dlightly better than the cos similarity. Thus the loss can be
formulated as:

Lair = | — mi)?

(14)

We then use our predictionsto cal cul ate the gradient of the SDF
a p; located on the surface. Finally, we move the noisy point
along the negative of gradient direction to get the denoised point.
The predicted point can be formulated as follows:

(15)

Our last losstermisinspired by Pointfilter [10] whichintroduces
normal similarity to better keep sharp features. Since we do not
use any ground truth normal information, we propose to use our

Pi =Di + 1 %My
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derived movement direction as an aternative. Thus, the third
loss term is defined as:

> pjest \(Bi — pj) mﬂ @ ([|ps — pjll) 0 (1724, my)
(16)

According to [37], (rn;, m;) = exp(— 11;’3;(::) ), wherer; is
our derived movement direction of thefiltered point ﬁi‘and on IS
the support angle. ¢(||p; — p;||) denote exp(—@), where
op, = 44/diag /t and diag denotes the length of the diagonal of
the bounding box of the patch S} and ¢ = |S. |.

Thefinal loss function can be therefore formulated as a sum
of these three loss terms:

Lproj =

Lall = Ldis + Ld’ir + Lp’!'()j (17)

V. RESULTS

A. Experiment Setup

The experiments were conducted on a PC configured with
Intel Xeon 8160T @ 2.1GHz and NVIDIA TITAN RTX. Our
network is implemented by using PyTorch (CUDA 10.2). We
sampled 8000 points for each point cloud and generated 500
points as alocal patch for each point during the training stage.
We train the network for 50 epochs, with a batch size of 64.

B. Dataset

Train Set: We collect 22 high-quality meshes containing both
CAD and non-CAD models. Wefirst samplethe verticesof these
meshesto 100K points using Furthest Point Sampling (FPS) and
scale them uniformly. We then add Gaussian noise to each point
cloud, and finally, we obtain 132 (22*6) training point clouds
with noiselevel sof 0%, 0.25%, 0.5%, 1.0%, 1.5%, and 2.5%. We
computethe ground truth SDF of each point by using thetrimesh
library. Since the generation process is time-consuming, we
divide the computation into batches and obtain the ground truth
movement direction at this stage by computing the surrounding
SDFs for each point.

Test Set: We perform our method on three datasets. The first
one comprises raw scan data and synthetic data of different
sampling levels, with a total of 31 point clouds. Among them,
there are 8 raw scan point clouds, 11 synthetic models corrupted
with 0.5% noise, and 6 synthetic models with 1.0% and 1.5%
noise. In addition, we perform experiments on synthetic data
of PCN [9], which includes 26 models of five noise levels. we
aso compare all learning-based methods on the real scanned
Kinect_v1 and Kinect_v2 [38].

C. Compared Methods

We select eight state-of-the-art point cloud filtering algo-
rithms for qualitative and quantitative comparisons. There are
three optimization-based methods. a position-based method
of CLOP [19], two normal-based methods of GPF [3] and
RIMLS [2]; five learning-based methods: Total Denoising [28],
PointCleanNet [9], Pointfilter [10], ScoreDenoise [34], and
IterativePFN [35]. For fair comparisons, we employ the follow-
ing rules: (a) For al methods, wefirst normalize the noisy input.
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(a) Moisy input (b) CLOP (c) GPF (d) RIMLS

(a) Noisy input (k) CLOP

() PoimCleanNet

Fig. 3.

(b) For methods that rely upon normals, we first utilize PCA to
calculate the initial normals which are then filtered by Bilateral
Normal Filter [37] to ensure a more reliable input of normal
information. (c) All the compared deep learning methods are
re-trained on our train set with their suggested hyperparameters.
(d) For the optimization-based methods, we adjust the main
parameters of each method as well as we could to produce the
best visual effect. (€) For learning-based methods, we choose
toiterate 6 timesfor Total Denoising, 3 times for PointCleanNet
and Poaintfilter, and 1 for ScoreDenoise.

D. Visual Comparison

For visual comparison purpose, we utilize EAR [37] for
up-sampling to provide a similar number of points for point
set rendering. In addition, we adopt the same parameters for
the surface reconstruction of a given model for all methods.
Point clouds corrupted with synthetic noise. Fig. 3 showsfiltered
results on point clouds corrupted by synthetic noise. The bottom
of the figure shows up-sampling point rendering results and
surface reconstruction of the model Boxunion with 0.5% noise.
We can see that our approach outperforms other methods in
terms of maintaining the geometric feature of the small triangle.
The corresponding surface reconstruction also demonstrates the
high quality of our filtered outcome. Besides, the figure also
shows other up-sampling results on a CAD model corrupted
with 0.5% noise. It is easy to see from the figure that our
method can best maintain sharp features. The zoom-in box
also demonstrates that we can obtain a smoother effect than
other approaches. Fig. 4 shows more filtered results over all
methods on models corrupted with synthetic noise. The first

{e) PF

SO0.0.4

() TotalDenoising

(0 PCN @ TD (h) SD {i) Ours

«VeVeVuV

{c) GPF (d) RIMLS () Pointfilter

{hy ScoreDenoize {i) Ours

Filtered results on models corrupted with 0.5% synthetic noise. From top to bottom: Boxunion, and Tetrahedron.

row shows filtered results on Fandisk corrupted with 0.5%
synthetic noise. From the zoom-in box, it is easy to see that
our method can best maintain sharp features. The second model
shown in thefigure presents point set rendering results on Buffle
corrupted by 1.0% noise. From the back of the model, we can
see that our method obtains a smoother outcome with feature-
preserving effects. The model Julius showed at the bottom of
Fig. 4 aso indicates that our method preserves the detailed
features of its chin best, while other methods appear to blur
them.

From al the compared approaches, we observe that CLOP
can smooth the noisy input well, but keeping geometric features
is still challenging since it does not require any normals. GPF
can keep the sharp features of the model but still has difficulties
in keeping detailed geometric features. We believe thisis dueto
the preprocessing step of downsampling, which may lead to the
loss of some detailed features of the origina model. RIMLS
can obtain promising filtering results, but this method tends
to distribute the model unevenly. TotalDenoising can smooth
the model but cannot preserve features since it is unsupervised.
PointCleanNet and ScoreDenoise can handle model swith lower
levels of noise. However, it is still challenging to maintain the
smoothing effect when dealing with models of higher noise.
Pointfilter can keep the detailed features and sharp features of
the model, but when the point sampling is sparse, this method
cannot output reliable filtered results.

Point Clouds Corrupted With Real Scan Noise: We also
evaluate our approach with seven other state-of-the-art methods
on point clouds corrupted with real scan noise. Fig. 5 shows
filtered results on two raw scanned models. The bottom of the

Authorized licensed use limited to: Nanyang Technological University Library. Downloaded on February 15,2026 at 08:41:16 UTC from IEEE Xplore. Restrictions apply.



5414

(a) Noisy input

(f) PointCleanMet

[ ]

(a) Noisy input

(b) CLOP

(c) GPF

|IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 31, NO. 9, SEPTEMBER 2025

ARAD

(b) CLOP

P

ig} TotalDenoising

(d) RIMLS (e) Pointfilter

(1) Ours

(h) ScoreDenoise

{e) Pointfilter

(d) RIMLS

-

- £

() PoimCleanNet

(b) CLOP

GT mesh

(g) TotalDenoising

(f) PuintClcanVJ el lg

<

(h) ScoreDenoise

(c) GPF () Pointfilter

(d) RIMLS

) Total Denoising (h) ScoreDenoise (1) Ours

Fig. 4. Filtered results on models corrupted with synthetic noise. From top to bottom: Fandisk (corrupted with 0.5% noise), Buffle (corrupted with 1.0% noise),

and Julius (corrupted with 1.0% noise).

figure shows the filtered results on the model David. We can
see that our method preserves detailed features better during
smoothing. Some optimization-based methods seem to blur the
detailed characteristics of the model’shair. Most | earning-based
methods can keep featuresbetter but still contain certain noise, as
seeninthezoom-inwindow. Asshowninthezoom-inwindow of
the second model, it is demonstrated again that our method can
smooth the model better than other approacheswhile preserving
features. Fig. 6 shows filtered outcomes over two other raw
scanned models. The first row shows results on amodel named
Boy. As seen from the enlarged box, our method smooths the

model better with feature-preserving effects. Thefiltered results
produced by other methods still involve some noise. We can see
from the enlargement box of the bottom row that our method
preserves the circle part of the model Patrick Star better than
other approaches.

E. Quantitative Comparison

Error Metrics: Wefollow Pointfilter [10] to perform quantita-
tive comparisons of all compared methods on two error metrics,
namely Chamfer Distance (CD) and Mean Square Error (M SE).
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ITESE

{a) Noisy input (b) CLOP (c) GPF

IZNY

(g) TotalDenoising

(1) PointCleanNet

E

L
(b) CLOP

(a) Noisy input

() PointCleanNet

Fig. 5.

Given a clean point cloud S, = {xi}ﬁ“ll, the corresponding

predicted point cloud could be depicted as S, = {yz}‘iﬁ‘ The
point numbersof |S.| and |S,| may vary dueto different filtering
algorithms.

a) Chamfer Distance:

ecp (Se, Sp) S Z mm ||$ —yl3
| | zeS,
1 _ )
+ @yg min |y —o[3,  (18)
P
b) Mean Square Error:
emse(Se, Sp) = Z
| | N :L'ES
Yoo llz-yli @9
yEN(y)

where N () denotesthenearest neighborsin S, for point y
in Sy,. Similar to [10], we set | N (y)| = 10, which means
we search 10 nearest neighbors for each point y in the
predicted point set .S,,.

Errors. For our test set, real scan dataset Kinect v1 and
Kinect_v2 [38], we evaluate the filtered results using the two
metrics quantitatively as described above. Table | shows the
average quantitative comparisons of al methods over synthetic
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Filtered results on models corrupted with raw scanned noise. From top to bottom: David, and Croissant.

TABLE|
QUANTITATIVE EVALUATION OF ALL METHODS ON OUR TEST SET

Methods MSE CD
CLOP [19] 6.123  5.101
GPF [3] 7227 6337
RIMLS [2] 5945 2993
TotalDenoising [28]  6.300  4.640
PointCleanNet [9] 5468 1.805
Pointfilter [10] 5.406 1.834
ScoreDenoise [34] 5559 1.791
Ours 5.396 1.758

Metrics used are Mean Square Error (% 10’3) and Chamfer
Distance (><10’5).
TABLEII
QUANTITATIVE EVALUATION OF LEARNING-BASED METHODS ON
REAL-SCANNED KINECT_V1, AND KINECT_V2 [38]

Kinect_v1 Kinect_v2
Methods MSE CD MSE _CD
TotalDenoising [28] 5915 4.678 8.780 5.502
PointCleanNet [9] 5939 2692 9.121 4.237
Pointfilter [10] 5884 2.631 8987 3.934
ScoreDenoise [34] 5.834 2611 8911 4.015
IterativePFN [35] 5750 2.661 8.588  4.000
Ours 5874 2.595 9011 3.978

Metrics used are Mean Square Error (><10’3) and Chamfer Distance (><IO’5 ).

point cloudsin our test set. Consistent with the visual compari-
son, our method outperforms all traditional methods as well as
deep learning methods. Table |1 shows the average quantitative
comparisons of all deep learning class methods on thereal scan
dataset Kinect_v1and Kinect v2[38]. Weseefromthetablethat
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(a) Noisy input (b) CLOP (c) GPF (d) RIMLS

(e) PointFilter

J

(f) PointCleanNet (g) TotalDenoising (h) ScoreDencise (1) Ours

i (d) RIMLS

(e) Pointfilter (f) PointCleanNet (2) TotalDenoising (h) ScoreDenoise (i) Ours
Fig. 6. Filtered results on models corrupted with raw scanned noise. From top to bottom: Boy and Patrick Star.
TABLE 111
QUANTITATIVE EVALUATION OF LEARNING-BASED METHODS ON PCN [9]
PCN_3K PCN_50K
Methods 0.5%_noise 1.5%_noise 2.5%_noise 0.5%_noise 1.5%_noise 2.5%_noise
CD P2M CD P2M CD P2M CD P2M CD P2M  CD P2M
Pointfilter [10] 14.312  5.025 43585 18209  96.789 44660 2210 0729 3916 1518 7.659 3.249
ScoreDenoise [34] 26.859 11384 57464 27257 121.087 59.650 1912 0.610 4100 1560 11.082  4.885
PointCleanNet [9] 13414 4.715 50.618 22585 107465 51.061 1.864 0545 3487 1246 14971 6.584
TotalDenoising [28]  14.310  4.854 26.446 10.294 84.670 38.876  6.000 2.559 4816 1870 12970 5.677
IterativePFEN [35] 39.580 18.196 35.846 16.024 36.381 15.719 1.606 0.273 3.403 0.941 14.681 5.651
Ours 12.922  4.516 26.887 11.516  59.067 27.576  1.768  0.535 3485 1436 10.577 4.565
Metrics used are Chamfer Distance (x107°), and P2M (x107).
our method induces the lowest Chamfer Distance on Kinect_v1 TABLEIV

dataset. Noticethere might be differences between the compared
methods and their papers since we retrained all |earning-based
methodson our train set. Tablelll showstheaverage quantitative
comparisonsof all deep learning methods onthe PCN [9] dataset
with different sampling and noise levels. We highlight the top
methods with the lowest error in bold and underline the 2nd
best. From the table, we observe that our method outperforms
Pointfilter in most cases. Our method achieves the lowest error
at a 0.5% noise level with sparse point density. Notably, our
method outperforms the recent IterativePFN [35] that involves
more complex graph convolution layers, in six cases, i.e., the
0.5% and 1.5% noiselevelson the 3K resolution and 2.5% noise
level on the 50K resolution. In addition, we also visuaize the
Chamfer Distance (CD) on some filtered models corrupted by
synthetic noisein Fig. 7.

RUNTIME (SECONDS) FOR COMPARED METHODS IN THE TEST STAGE

Methods (points) TD [28] PCN [9] PF [10] SD [34] Ours
David (37k) 22.0 252.8 356.9 11.0 100.8
Patrick(74k) 91.0 5943  303.0 335 1477
Croissant(287k) 2502.1 3000 12964 770.1 18478
Boxunion(100k) 61.7 631.8 1168  60.2 3548
Fandisk(100k) 69.6 694.3 488.1 60.5 271.7
Tetrahedron(100k)  62.8 511 660.5 609 1732.3
Buffle(58k) 33.8 361.9 282.5 23.0 103.4
Julius(36k) 16.1 1845 2334 10.2 50.0

All methods were run on the same computer.

Runtime: In addition to the above experiments, we record the
running time of each learning-based method. Table |V givesthe
runtime of TotalDenoising (TD), PointCleanNet (PCN), Point-
filter (PF), ScoreDenoise (SD), and our method. It is evident
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Fig.7.
and Tetrahedron (0.5% noise) are shown.

TABLEV
FLOPs AND PARAMS (PARAMETERS) OF DIFFERENT MODELS

Methods FLOPs(G) Params (M)

ScoreDenoise [34] 0.3629491  0.187291

TotalDenoising [28]  0.0000795  0.03584

Pointfilter [10] 0.0872735  1.360899

PointCleanNet [9] 0.376156 31.392863

Ours 0.048054 2.163723
TABLE VI

QUANTITATIVE EVALUATION OF DEEP LEARNING-BASED METHODS ON THE
SPARSE SAMPLING CUBE CORRUPTED WITH 0.5% SYNTHETIC NOISE

Methods MSE CD
TotalDenoising [28]  5.968  9.781
PointCleanNet [9] 6.327 8413
Pointfilter [10] 6.297  8.871
ScoreDenoise [34] 6.106  8.25
Ours 6.059  7.947

Metrics used are Mean Square Error (XIO'X) and Chamfer
Distance (x107).

from the table that despite our method involving QSTN, it still
exceeds Pointfilter in terms of running time for certain models.
We also conducted an experiment to validate the computational
complexity aswell asmodel weights. TableV showsFLOPsand
parameters over compared methods. From the table, we see that
TotalDenoising has the smallest FLOPs and parameters. Since
our method calculates 7-dimensional vector, it has a slightly
larger parameter count than Pointfilter.

Foarse Sampling: To show the performanceof handling sparse
sampling point clouds, we conduct experiments on acube model
sampled with 6K points of all learning-based methods. The
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Fig. 8. Filtered results with different loss functions.

guantitativeevaluationisshownin Table V1. Our method outper-
forms most learning-based methods. In addition, our method is
superior to Pointfilter in handling sparsely sampled point clouds.

F. Ablation Study

Loss: To show the effectiveness of our loss function, we
conduct experimentson different variants of losses. Specifically,
wetrain Ly;s, Lgis + Lair, and L, respectively, with all other
training configurations being the same. Fig. 8 showsthe filtered
results under different loss functions. It is easy to seethat L y;,
and Lg4;,- which do not consider the geometric features of the
model cannot remove noise well. Our complete loss function
produces the most decent results in terms of noise removal as
well as feature preservation.

Movement Direction: Weal so conduct experimentsto directly
predict the direction of movement. Table VIl shows the results
of the experiments under PCN [9] dataset. We can see that the
lowest error is still obtained by predicting the 7-dimensional
SDF values without utilizing any normal information.
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TABLE VII
QUANTITATIVE EVALUATION OF DIRECTLY PREDICTING MOVEMENT
DIRECTION VERSUS OUR PREDICTION OF 7 SDF VECTORS ON THE PCN [9]

Methods MSE CD
Direct Prediction 4.616  2.229
Ours 4528 1.768

Metrics used are Mean Square Error (><10’3) and

Chamfer Distance (XIO’S),

(a) Noisy input  (b) PCA alignment (c) QSTN transformer

Fig. 9. Filtered results on Bunny (corrupted with 0.5% noise) under PCA
alignment and QSTN transformer.

(a) Noisy (b) Pointfilter (c) ScoreDenoise

(d) PointCleanNet

(e) TotalDenoising

(f) Ours

Fig.10. Filtered resultsfor apoint cloud corrupted with 1.5% synthetic noise.

PCAversusQSTN: Alternatively, theinput patchescanalso be
aligned by PCA alignment [10]. We train our model using PCA
alignment and QSTN transformer separately under the same
training configuration. Fig. 9 shows filtered results under these
two alignments. It is easy to see that the QSTN transformer
provides a more consistent alignment, which facilitates better-
filtered results.

High-Level Noise: Fig. 10 shows the filtered results of dif-
ferent methods at 1.5% noise. For this high-level noise, our ap-
proach yieldsthe cleanest pointswith feature-preserving effects.
The filtered results of other methods still retain some noise.

Point Distribution: Fig. 11 shows the filtered results of our
method and Pointfilter [10]. From the zoom-in box, we can see
that our method produces a more uniform point distribution.
Pointfilter incorporatesground truth normalsinthetraining stage
to obtain abetter feature-preserving effect. However, the ground
truth normals may cause pointsto gather around the sharp edges.
To solve this problem, they add a repulsive force to the loss
function, similar to GPF [3]. By contrast, our method does not
reguire any ground truth normal information or introduce any
repulsive force into the loss function.

|IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 31, NO. 9, SEPTEMBER 2025

(a) Pointfilter (b) Ours

Fig.11. Filtered resultsof pointfilter and ourson raw scanned model monkey.

(b) Bilateral normal (c) Our movement

direction

(e) GPF with movement
direction

(d) GPF with Bilat-
eral normal

(f) Ours

Fig. 12.
direction.

Filtered results of GPF under Bilateral normal filter and movement

Bilateral Normal versus Our Movement Direction: Filtering
methods that require high-quality normals as input often fail
under high noise conditions. We also confirmed thisin our ex-
periments. Nevertheless, we observed that our predicted move-
ment direction under high noise could provide guidance for the
normal-based approaches. Specifically, we perform experiments
on a 1.0% synthetic noise-corrupted point cloud and compare
with the GPF method [3]. The input normals are obtained by
two techniques. We first obtain the initial normals by PCA and
filter them using the Bilateral Normal Filter method [37], which
are then used as the input normals. Alternatively, we use our
movement direction directly as a solution. Fig. 12 shows the
filtered results of both techniques. It is easy to see that our
prediction of movement direction is more robust under high
noise levels and thus can facilitate the GPF to obtain a more
promising filtered result. In addition, we can see that our method
yieldsamore uniform point distribution, although we do not use
any repulsive force which is a part of GPF.
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V1. CONCLUSION

We have proposed a novel data-driven method for feature-
preserving point cloud filtering, without requiring either normal
information or repulsion force. By learning the implicit surface
of a given noisy point, we predict a 7D vector, where each
element of the vector represents a distance scalar. The first
element is considered as the moving distance. The direction of
movement is then obtained by computing the gradient of the
predicted point using the last six elements (i.e., surrounding
SDFs of this point). Finally, the filtered point can be obtained
directly by moving each noisy point along the corresponding
predicted direction with the corresponding predicted distance.
Extensive experiments demonstrate our method can produce
feature-preserving filtering results with uniform point distri-
bution, and show that it outperforms traditional methods and
generally surpasses state-of-the-art learning-based methods.
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