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Fast Learning of Signed Distance Functions From
Noisy Point Clouds via Noise to Noise Mapping

Junsheng Zhou, Baorui Ma

Abstract—Learning signed distance functions (SDFs) from point
clouds is an important task in 3D computer vision. However, with-
out ground truth signed distances, point normals or clean point
clouds, current methods still struggle from learning SDFs from
noisy point clouds. To overcome this challenge, we propose to learn
SDFs via a noise to noise mapping, which does not require any
clean point cloud or ground truth supervision. Our novelty lies in
the noise to noise mapping which can infer a highly accurate SDF
of a single object or scene from its multiple or even single noisy
observations. We achieve this by a novel loss which enables statisti-
cal reasoning on point clouds and maintains geometric consistency
although point clouds are irregular, unordered and have no point
correspondence among noisy observations. To accelerate training,
we use multi-resolution hash encodings implemented in CUDA in
our framework, which reduces our training time by a factor of ten,
achieving convergence within one minute. We further introduce a
novel schema to improve multi-view reconstruction by estimating
SDFs as a prior. Our evaluations under widely-used benchmarks
demonstrate our superiority over the state-of-the-art methods in
surface reconstruction from point clouds or multi-view images,
point cloud denoising and upsampling.

Index Terms—Surface reconstruction, noise to noise mapping,
signed distance functions, point cloud denoising, fast learning.

I. INTRODUCTION

‘We can capture 3D point clouds not only on unmanned
vehicles, such as self-driving cars, but also from consumer level
digital devices in our daily life, such as the iPhone. However, the
raw point clouds are discretized and noisy, which is not friendly
to downstream applications like virtual reality and augmented
reality requiring clean surfaces. This results in a large demand of

3D POINT clouds have been a popular 3D representation.
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learning signed distance functions (SDFs) from 3D point clouds,
since SDFs are continuous and also capable of representing
arbitrary 3D topology.

Deep learning based methods have shown various solutions of
learning SDFs from point clouds [1], [2], [3], [4], [5]. Different
from classic methods [6], [7], they mainly leverage data-driven
strategy to learn various priors from large scale dataset using
deep neural networks. They usually require the signed distance
ground truth [8], point normals [4], [5], [9], additional con-
straints [1], [2] or no noise assumption [3]. These requirements
significantly affect the accuracy of SDFs learned for noisy point
clouds, either caused by poor generalization or the incapability
of denoising. Therefore, it is still challenging to learn SDFs from
noisy point clouds without clean or ground truth supervision.

To overcome this challenge, we introduce to learn SDFs from
noisy point clouds via noise to noise mapping. Our method does
not require ground truth signed distances, point normals or clean
point clouds to learn priors. As demonstrated in Fig. 1, our nov-
elty lies in the way of learning a highly accurate SDF for a single
object or scene from its several corrupted observations, i.e., noisy
point clouds. Our learning manner is supported by modern Lidar
systems which produce about 10 to 30 corrupted observations
per second. By introducing a novel loss function containing a
geometric consistency regularization, we are enabled to learn
a SDF via a task of learning a mapping from one corrupted
observation to another corrupted observation or even a mapping
from one corrupted observation to the observation itself. The key
idea of this noise to noise mapping is to leverage the statistical
reasoning to reveal the uncorrupted structures upon its several
corrupted observations. One of our contribution is the finding
that we can still conduct statistical reasoning even when there is
no spatial correspondence among points on different corrupted
observations.

We originally presented our method at ICML2023 [10], and
then extend our method in more applications with novel frame-
works. Specifically, we get inspiration from Instant-NGP [11]
and propose a fast learning framework to leverage multi-
resolution hash tables of learnable features. This design im-
proves the efficiency of SDF inference in our noise to noise
mapping process, and reduces our training time from 15 minutes
to one minute.

We further extend our method in the multi-view setting.
Recent methods [12], [13] learn SDFs in multi-view reconstruc-
tion by minimizing the volume rendering error introduced in
NeRF [14] which learns radiance fields for scene representation.
Using the SDF estimated by our method as a prior, we improve
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(a) Noisy Points

Fig. 1.

(b) Denoised Points

(c) Surface Reconstruction

We introduce to learn signed distance functions (SDFs) for single noisy point clouds. Our method does not require ground truth signed distances, point

normals or clean points as supervision for training. We achieve this via learning a mapping from one noisy observation to another or even on a single observation.
Our novel learning manner is supported by modern Lidar systems which capture 10 to 30 noisy observations per second. We show the SDF learned from (a) a
single real scan containing 10 M points, (b) the denoised point cloud and (c) the reconstructed surface. Fig. 17 demonstrates our superiority over the latest surface

reconstructions in this case.

the multi-view reconstruction accuracy by removing artifacts
in empty space. Specifically, we first leverage Structure from
Motion (SfM) methods (e.g., COLMAP [15]) to estimate a noisy
point cloud from multi-view images and learn a signed distance
field from it using our fast learning framework. The learned field
is then adopted as a prior to guide multi-view reconstruction
methods (e.g., NeuS [12]) for reconstructing surfaces from
multi-view images. The key reason that our method can serve
as the guidance for multi-view reconstruction is that our method
learns clean and accurate SDFs from noisy point clouds obtained
by StM.

Our results achieve the state-of-the-art in different applica-
tions including surface reconstruction from point clouds and
multi-view images, point cloud denoising and upsampling under
widely used benchmarks. Our contributions are listed below.

1) We introduce a method to learn SDFs from noisy point
clouds without requiring ground truth signed distances,
point normals or clean point clouds.

2) We prove that we can leverage Earth Mover’s Distance
(EMD) to perform the statistical reasoning via noise to
noise mapping and justify this idea using our novel loss
function, even if 3D point clouds are irregular, unordered
and have no point correspondence among different obser-
vations.

3) We significantly accelerate the training process to enable
the convergence of SDFs within one minute by integrating
multi-resolution hash encoding into our framework.

4) We propose a novel schema to use the SDF learned from
noisy SfM points as a prior for improving multi-view
reconstruction.

5) We achieved the state-of-the-art results in surface recon-
struction from point clouds or multi-view images, point
cloud denoising and upsampling for shapes or scenes
under widely used benchmarks.

II. RELATED WORK

Learning implicit functions for 3D shapes and scenes has
made great progress [14], [16], [17], [18], [19], [20], [21], [22],
[23], [24], [25], [26], [27], [28], [29]. We briefly review methods
with different supervision below.

Learning from 3D Supervision: It was explored on how to
learn implicit functions, i.e., SDFs or occupancy fields, using

3D supervision including signed distances [30], [31], [32], [33],
[34], [35], [36] and binary occupancy labels [37], [38]. With
a condition, such as a single image [39], [40], [41], [42] or
a learnable latent code [31], neural networks can be trained
as an implicit function to model various shapes. We can also
leverage point clouds as conditions [41], [43], [44], [45] to
learn implicit functions, and then leverage the marching cubes
algorithm [46] to reconstruct surfaces [47], [48]. To capture more
detailed geometry, implicit functions are defined in local regions
which are covered by voxel grids [4], [8], [9], [21], [22], [49],
[50], patches [51], 3D Gaussian functions [52], learnable codes
[53], [54].

Learning from Multi-view Images: Some recent works learn
implicit functions from 2D supervision, such as multiple im-
ages. The basic idea is to leverage various differentiable ren-
derers [55], [56], [57], [58], [59], [60] to render the learned
implicit functions into images, so that we can obtain the error
between rendered images and ground truth images. Neural vol-
ume rendering was introduced to capture the geometry and color
simultaneously [12], [13], [14], [61], [62], [63], [64], [65]. By
sampling rays emitted from pixels into the field, UNISURF [16]
and NeusS [12] employ a modified rendering procedure to trans-
form occupancy and signed distance fields, along with radiance,
into pixel colors. Subsequent methods enhance the accuracy of
implicit functions by leveraging multi-view consistency [62],
[66] and incorporating additional priors such as depth [63] and
normals [67], [68].

Learning from 3D Point Clouds: Some methods were pro-
posed to learn implicit functions from point clouds without 3D
ground truth. These methods leverage additional constraints [1],
(21, [691, [701, [71], [72], [73], [74], [75], (761, [77], [78],
gradients [3], [79], differentiable poisson solver [5] or specially
designed priors [80], [81] to learn signed [1], [2], [3], [19], [70],
[71], [82], [83] or unsigned distance fields [79], [84], [85], [86].
One issue here is that they usually assume the point clouds are
clean, which limits their performance in real applications due
to the noise. Our method falls into this category, but we can
resolve this problem using statistical reasoning via noise to noise
mapping.

Deep Learning Based Point Cloud Denoising: PointClean-
Net [87] was introduced to remove outliers and reduce
noise from point clouds using a data-driven strategy. Graph
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Fig. 2. Given corrupted observations captured by a Lidar system per second,
we learn a SDF without supervision or normals.

convolution was also leveraged to reduce the noise based on
dynamically constructed neighborhood graphs [88]. Without
supervision, TotalDenoising [89] inherits the same idea as
Noise2Noise [90]. It leveraged a spatial prior term that can
work for unordered point clouds. More recently, downsample-
upsample architecture [91] and gradient fields [92], [93] were
leveraged to reduce noise. We were inspired by the idea of
Noise2Noise [90], our contribution lies in our finding that we can
still leverage statistical reasoning among multiple noisy point
clouds with specially designed losses even when there is no
spatial correspondence among points on different observations
like the one among pixels, which is totally different from To-
talDenoising [89].

III. METHOD

Overview: Given N corrupted observations S = {S;j|i
[1,N],N 1} of an uncorrupted 3D shape or scene Z, we
aim to learn SDFs T of Z from S without ground truth signed
distances, point normals, or clean point clouds. Here, S; is
a noisy point cloud. The signed distance function f predicts
a signed distance d for an arbitrary query location q R? 3
around Z, such that d = (q). We train a neural network with
parameters to learn T, which we denote as T . After training,
we can leverage the learned T for surface reconstruction, point
cloud denoising, and point cloud upsampling.

Our key idea of statistical reasoning is demonstrated in Fig. 2.
Using a noisy point cloud Sj as input, our network aims to learn
SDFsf vialearning a noise to noise mapping from S to another
noisy point cloud Sj, where Sj is also randomly selected from
the corrupted observation set S and j [1, N]. Our loss not
only minimizes the distance between the denoised point cloud
S; and Sj using a metric L but also constrains the learned SDFs
T tobe correct using a geometric consistency regularization R.
A denoising function F conducts point cloud denoising using
signed distances d and gradients T from ¥ .

Reducing Noise: A common strategy for estimating the un-
corrupted data from its noise corrupted observations is to find a
target that has the smallest average deviation from measurements
according to some loss function L. The data could be a scalar,
a 2D image or a 3D point cloud etc.. Here, to reduce noise on
point clouds, we aim to find the uncorrupted point cloud S from
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its corrupted observations S S below,

argmin Es{L(S ,S)}. (1)
S

As a conclusion of Noise2Noise [90] for 2D image denoising,
we can learn a denoising function F by pushing a denoised
image F (X) to be similar to as many corrupted observations y as
possible, where both X and y are corrupted observations. This is
an appealing conclusion since we do not need the expensive pairs
of the corrupted inputs and clean targets to learn the denoising
function F.

We want to leverage this conclusion to learn to reduce noise
without requiring clean point clouds. So we transform (1) into
an equation with a denoising function F,

argmin
F

L(F(Si). Sj)- 2)

Si SS; S

One issue we are facing is that the conclusion of Noise2Noise
may not work for 3D point clouds, due to the irregular and
unordered characteristics of point clouds. For 2D images, multi-
ple corrupted observations have the pixel correspondence. This
results in an assumption that all noisy observations at the same
pixel location are random realizations of a distribution around a
clean pixel value. However, this assumption is invalid for point
clouds. This is also the reason why TotalDenoising [89] does not
think (1) can work for point cloud denoising, since the noise in
3D point clouds is total. Differently, our finding is in opposite
direction. We think we can still leverage (1) to reduce noise in
3D point clouds, and the key is how to define the distance metric
L, which is regarded as one of our contributions.

Another issue that we are facing is how we can learn SDFs T
via point cloud denoising in (2). Our solution is to leverage f
to define the denoising function F. This enables to conduct the
learning of SDFs and point cloud denoising at the same time.
Next, we will elaborate on our solutions to the aforementioned
two issues.

Denoising Function F: The denoising function F aims to
produce a denoised point cloud S from a noisy point cloud S,
soS =F(9).

To learn SDFs f of S, we want the denoising procedure can
also perceive the signed distance fields around S. The essence
of denoising is to move points floating off the surface of an
object onto the surface. As shown in Fig. 3(a), there are many
potential paths to achieve this, but only one path is the shortest
to the surface. If we leverage this shortest path to denoise point
cloud S, we could involve the SDFs f to define the denoising
function F, since  can determine the shortest path.

Here, inspired by the idea of NeuralPull [3], we also leverage
the signed distance d = f (q) and the gradient f (q) to pull
an arbitrary point g on the noisy point cloud S onto the surface.
So we define the denoising function F below,

F@f)=aq d @/ T @I} ©)

With (3), we can pull all points on the noisy point cloud S
onto the surface, which results in a point cloud S = F(S, T ).
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Fig. 3. (a) Multiple paths (arrows) to pull a noise (green point) onto surface
(dashed curve) but only one is the shortest (green arrows). (b) The incorrect paths
(black arrows) to pull noises onto surface. (c) The expected paths (green arrows)
to pull noises to points (blue square) on surface. (d) The effect of Geometric
Consistency (GC).
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Fig. 4. The comparison with CD and EMD as the distance metric L from in
(b) to (e). The effect of geometric regularization in (f) and (g). (a) is noisy point
cloud, (h) is the ground truth.

But one issue remaining is how to constrain S to converge to
the uncorrupted surface.

Distance Metric L: We investigate the distance metric L so
that we can constrain S to reveal the uncorrupted surface by
a statistical reasoning among the corrupted observations S =
{Si} using Eq. (2). Our investigation conclusion is summarized
in the following Theorem.

Theorem 1. Assume there was a clean point cloud G which
is corrupted into observations S = {Si} by sampling a noise
around each point of G. If we leverage EMD as the distance
metric L defined in (4), and learn a point cloud G by mini-
mizing the EMD between G and each observation in S, i.e.,
ming s, sL(G,Si), then G converges to the clean point
cloud G, i.e., L(G,G) =0.

LG.G)= min g @2 @

g G

We prove Theorem 1 in Sec. A of the supplementary materials.
We believe the one-to-one correspondence  found in the calcu-
lation of EMD in (4) plays a big role in the statistical reasoning
for denoising. This is very similar to the pixel correspondence
among noisy images in Noise2Noise although point clouds are
irregular, unordered and have no spatial correspondence among
points on different observations. We highlight this by comparing
the point cloud G optimized with EMD and Chamfer Distance
(CD) as L based on the same observation set S in Fig. 4. Given
noisy point clouds S;j like in Fig. 4(a) and (b) demonstrates that
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the point cloud G optimized with CD is still noisy, while the
one optimized with EMD in Fig. 4(c) is very clean.

According to this theorem, we can learn the denoising func-
tion F using (2). F produces the denoised point cloud S; =
F (Si, T ) using EMD as the distance metric L. This also leads
to one term in our loss function below,

min Lemn(F(Si, T ), Sj). %)
Si SS; S

Geometric Consistency: Although the term in (5) can work
for point cloud denoising well, as shown in Fig. 4(c), we found
that the SDFs T may not describe a correct signed distance
field. With  either learned with CD or EMD, the surfaces
reconstructed using marching cubes algorithms [46] in Fig. 4(d)
and (e) are poor. This is because (5) only constrains that points on
the noisy point cloud should arrive onto the surface but there are
no constraints on the paths to be the shortest. This is caused by the
unawareness of the true surface which however is required as the
ground truth by NeuralPull [3]. The issue is further demonstrated
in Fig. 3, one situation that may happen is shown in Fig. 3(b).
With the wrong signed distances T and gradient T , noises
can also get pulled onto the surface, which results in a denoised
point cloud with zero EMD distance to the clean point clouds.
This is much different from the correct signed distance field that
we expected in Fig. 3(c).

To resolve this issue, we introduce a geometric consistency
to constrain T to be correct. Our insight here is that, for an
arbitrary query ¢ around a noisy point cloud Sj, the shortest
distance between q and the surface can be either predicted by
the SDFs T or calculated based on the denoised point cloud
S; = F(Si, T ), both of which should be consistent to each
other. Therefore, the absolute value |f (q)| of the signed distance
predicted at g should equal to the minimum distance between ¢
and the denoised point cloud S; = F(S;, T ). Since the point
density of S; may slightly affect the consistency, we leverage
an inequality to describe the geometric consistency,

LC)] min_ [la  qllz. (6)

F(Sif)

The geometric consistency is further illustrated in Fig. 3(d).
Noisy points above/below the wing can be correctly pulled onto
the upper/lower surface without crossing the wing using the
geometric consistency. It achieves the same denoising perfor-
mance, and leads to a much more accurate SDF for surface
reconstruction than the one without the geometric consistency.

Loss Function: With the geometric consistency, we can penal-
ize the incorrect signed distance field shown in Fig. 3(b) while
encouraging the correct one in Fig. 3(c). So, we leverage the
geometric consistency as a regularization term R, which leads
to our objective function below by combining (5) and (6),

min
Si S S; S

L(F(Si.T).Sj) + =5

R(E), (7
Sil _() @)

q Si

where |Sj| is the number of q on Sj, E is the difference
defined as (|f (q)] ming g¢s;.¢)lld  qll2), isabalance
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(a) Visualization of optimization in 4 epochs via noise to noise mapping. 3 queries (black cubes) sampled from one noisy point cloud get pulled onto the
surface. For each query, we minimize its distance to all targets (in the same color) matched from another noisy point cloud by the mapping

in metric L. More

details can be found in our video at the project page. (b) Surface reconstruction and multiple level-sets.

weight, and R(E) = max(0, E). The effect of the geometric
consistency is demonstrated in Fig. 4(f) and (g). The denoised
point cloud in Fig. 4(f) shows points that are more uniformly dis-
tributed, compared with the one obtained without the geometric
consistency in Fig. 4(c). More importantly, we can learn correct
SDFs f  to reconstruct plausible surface in Fig. 4(g), compared
to the one obtained without the geometric consistency in Fig. 4(e)
and the ground truth in Fig. 4(h).

More Details: We sample more queries around the input noisy
point cloud S; using the method introduced in NeuralPull [3].
We randomly sample a batch of B queries as input, and also
randomly sample the same number of points from another noisy
point cloud Sj as target. Using batches enables us to process
large scale point clouds, makes it possible to leverage noisy
point clouds with different point numbers even we use EMD as
the distance metric L, and more importantly, does not affect the
performance.

We visualize the optimization process in 4 epochs in Fig. 5(a).
We show how the 3 queries (black cubes) get pulled progres-
sively onto the surface (Cyan). For each query, we also show
its corresponding target in each one of 100 batches in the same
color (red, green, blue), and each target is established by the
mapping in the metric L. The essence of statistical reasoning
in each epoch is that each query will be pulled to the average
point of all targets from all batches since the distance between
the query and each target should be minimized. Although the
targets are found all over the shape in the first epoch, the targets
surround the query more tightly as the query gets pulled to the
surface in the following epochs. This makes queries get pulled
onto the surface which results in an accurate SDF visualized in
the surface reconstruction and level-sets in Fig. 5(b).

One Noisy Point Cloud: Although we prove Theorem 1 based
on multiple noisy point clouds (N > 1), we surprisingly found
that our method can also work well when only one noisy point
cloud (N = 1) is available. Specifically, we regard the queries
sampled around the noisy point cloud S; as input and regard S;
as target. We believe the reason why N = 1 works is that the
knowledge learned via statistical reasoning in the batch based
training can be well generalized to various regions. We will
report our results learned from multiple or one noisy point clouds
in experiments.

Noise Types: We work well with different types of noises in
Fig. 6. We use zero-mean noises in our proof of Theorem 1,
but we find we work well with unknown noises in real scans in
experiments. In evaluations, we also use the same type of noises
in benchmarks for fair comparisons.

Uniform Noi

Normal Noise

Discrete Noise Laplace Noise

e

Fig. 6.

Reconstruction with different kinds of noises.
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Fig. 7. Overview of our fast learning framework. We leverage the multi-
resolution hash encoding as the efficient representation for fast learning SDFs
from noisy point clouds.

Hash Encodings

IV. FAST LEARNING OF IMPLICIT REPRESENTATIONS

Review Instant-NGP: The deep coordinate-based MLPs are
proven to be slow in learning implicit functions (e.g., NeRF
and SDF). To overcome this issue, Instant-NGP [11] leverages a
multi-resolution hash encoding to learn radiance fields. Specifi-
cally, Instant-NGP divides the bounded space of a 3D shape into
multiple voxel grids at different resolutions. The voxel grids at
each resolution are then mapped to a hash table with learnable
feature vectors.

Fast Learning of SDFs from Noisy Point Clouds: We propose
a fast learning schema to learn signed distance fields from noisy
point clouds by leveraging the multi-resolution hash encod-
ing [11] as an efficient representation. The overview of our
approach is shown in Fig. 7. We first initialize a hash encoding
with L levels of resolution, where each level | =1, ..., L has
a hash table T;. Given a point ¢ R? 3 from one noisy point
cloud S, we obtain its feature hj(q) at level | using trilinear
interpolating on the hash encodings of the eight surrounding
corner grids gj queried from the hash table T;. The hash encoded
feature {h(q)}}/=; of g atall L levels, as well as the coordinate
of g are then concatenated as the input to the MLP f to decode
the signed distance value d. The similar denoising function as
(3) is than leveraged for moving points floating off the surface
of 3D shape onto the surface as

FFast(QI{h|(n)}=_=l! f ) =q
d f @ {hmiz)/Il f @ {himIiz)llz. ®
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one single RTX3090 GPU.

The condition here is the hash encoded feature {hy(q)}z; of
g instead of the feature of entire shape Z. We then optimize
both the feature vectors in the multi-resolution hash encodings
and the parameter of MLP decoder f by minimizing the
designed objective function in (7) which combines the EMD loss
in (5) and the geometric consistency loss in (6). We provide the
visualization of reconstructions at different optimization time
with or without our hash encodings in Fig. 8. The results show
that our fast learning schema reduces the training time from 15
minutes to one minute with comparable surface qualities, and
is able to produce a visual appearing reconstruction within 6
to 10 seconds. All timing results are reported with one single
RTX3090 GPU.

More Analyses and Details: Different from the original
version of our method [10] which learns deep coordinate-
based MLPs for geometry representation, the learning of multi-
resolution hash encodings is more difficult to stabilize and
requires some other constraints besides the EMD loss in (5).
The main problem lies in the instability of the Earth Moving
Distance (EMD) loss during optimizations in regions far away
from the surface, as establishing a one-to-one correspondence
between queries far away from the surface and the point cloud
S is challenging. This was not a significant issue in the previous
MLP-based version [10], which only focused on the surface’s
nearby space. However, optimizing the far-space regions is
crucial for multi-resolution hash encodings, as it ensures that
the hash grids in all spatial spaces are well-optimized, leading
to refined representations. To solve this issue, we sample queries
{Q =4¢i, 1 [1,Ng]} at all spacial space and leverage Neural-
Pull [94] loss to regularize the gradients and SDFs (especially
in areas that is far away from the surface) by pulling each query
@i to its nearest point N j in S, formulated as

Nq

1
Loun = N [1di
=1

nill3. ©)
The eikonal term [95] is also used to regularize the gradients
of SDFs, formulated as

Nq

L g f@ol

Lreg(Q! C) = N_q
i=1

1)2. (10)

Comparisons on the reconstructions at different optimization time. The timing results do not include the time for Marching Cubes, and are reported under

The finally loss function is formulated as
(11

where 5 issetto(0.001. 1 is setto decrease from 1 to O during
the first 1,000 iterations and is omitted for the rest iterations,
where we train our fast learning framework for 10,000 iterations
in total. We only leverage L,y to stable the optimizations in the
areas far away from the surface and omit it after a fine initialized
fields is achieved, since it will lead to large errors to pull the
queries to the noisy inputs in the areas near to the true surface.

I—Fast = LEMD + 1Lpull + 2|—regv

V. LEARNING SDF PRIORS FOR MULTI-VIEW
RECONSTRUCTION

Review NeuS: We extend our noise to noise mapping to
learn SDF priors for multi-view reconstruction. We use NeuS
as our baseline. NeuS [12] is a recent work which focuses on
reconstructing surfaces from a set of calibrated images {1x} of
a 3D object. To achieve this, NeuS implicitly learns a signed
distance function fy(X) : R® R and a radiance function
c(x,v) : R® S? where x R®is a 3D location and v = S?
is a view direction. The surfaces of the 3D object are implicitly
represented as the zero-level set of fi,, and the appearances
are encoded in . To optimize the two functions, NeuS lever-
ages volume rendering to render novel images from f,, and
¢ and minimize the differences between the rendered images
and input images. Specifically, given a pixel of an image, we
sample h queries along the ray emitted from this pixel as
{p(t) = 0o+ tv|t =0, 1...h}, where 0 is the camera center and
Vv is the view direction. The color of this pixel is then obtained by
accumulating the SDF-based densities and colors at the sampled
queries.

Learn SDF Priors for NeuS: The key factor that prevent
NeuS [12] from producing high-fidelity and artifact-free ge-
ometries is the bias in color rendering [62], [64], [96]. As
demonstrated by previous methods [62], [64], there is a gap
between the rendered colors and the real colors of the 3D object
surfaces, which leads to geometry inconsistency between the
implicit represented surfaces indicated as the zero-level set of
field v ( ) and the true surfaces of the 3D object. To solve
this issue, a more precise and adaptive prior is required as the
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Overview of our multi-view reconstruction framework. (a) We extract a noisy and sparse point cloud from multi-view images with SfM and learn a clean

SDF field prior from it with our fast learning denoising approach. (b) We guide the multi-view learning (NeuS) with the learned clean field prior by introducing

I—prior-

supervision for a better optimization on the signed distance
function.

Specifically, we propose to learn a signed distance field from
the point cloud estimated by Structure from Motion (SfM) as a
prior for multi-view reconstruction, as shown in Fig. 9(a). The
key insight is that the sparse points Ps generated by SfM is
an exact geometry information for the 3D object. SfM matches
2D features at the extracted 2D key points to estimate camera
poses and compute the 3D point locations through triangulation
which guarantees the geometry consistency of Pg in multi-view
images. However, the generated Ps often contains noises due
to some wrong key point matchings or errors in camera motion
estimation.

We aim to learn a clean and accurate signed distance field
from Pg to serve as a prior for multi-view reconstruction, where
the noises prevent previous works [49], [94] from predicting
an accurate SDF field. To this end, we leverage noise to noise
mapping which is robust to noises with different distributions, to
learn a SDF prior from the noisy points Ps. The learning process
keeps the same as Sections III and IV.

Guide NeuS With SDF Priors: With a learned clean field
Torior, we introduce a field constraint to guide the learning of
NeusS for improving multi-view reconstruction quality as shown
in Fig. 9(b). The key factor is to leverage Fprior as a supervision
for the signed distance function fry,, to be optimized. Specifi-
cally, given a pixel of an image and h queries sampled along the
ray emitted from this pixel as {p(t) = o + tv|t =0, 1.. .h}, we
minimize the difference between the predicted signed distance
value Ty (q) and the pre-learned signed distance prior Tprior (0).
The designed loss is formulated as

1 M N

MN i=1j=1

Lprior = ”fmv(qij) fprior(qij)llgr (12)

where M is the number of pixels and N is the number of points
sampled each pixel. We set the weight of Lpyjor to gradually
decrease during the training process for avoiding overfitting the
field to the prior. Specifically, we train our framework for 100k
iterations and decrease the weight of Lpyior from 1 to O linearly
in the first 10k iterations and omit it for the rest iterations.

We further design a novel constraint on the zero level set of
fmy with a loss to minimizing the distance errors in the exact
surface location. To achieve this, we generate a set of points
{piZ'S}=<=1 at the zero level set of learned prior fjrjor by moving
queries along the gradient directions with a stride of signed

distances as (8). These points {piz's K | at the zero level set

of the learned prior fyrior can serve as another prior of the zero
level set of Ty with a simple loss to minimize the distance
values of fny at p?'S, formulated as

K

1
Las = — ”fmv(pﬁls)
K i=1

0|13, (13)

VI. EXPERIMENTS, ANALYSIS AND APPLICATIONS

We evaluate our performance in point cloud denoising, up-
sampling and surface reconstruction from point clouds or multi-
view images. We first evaluate our method in point cloud denois-
ing in Section VI-A. Next, we go beyond denoising and evaluate
our method in point cloud upsampling in Section VI-B. We then
evaluate our method in surface reconstruction from point clouds
for shapes in Section VI-C and for scenes in Section VI-D.
In Section VI-E, we show the efficiency of our fast learning
framework in runtime comparison. We further demonstrate the
effectiveness of our method to improve the multi-view recon-
struction qualities in Section VI-F. Finally, the ablation studies
are shown in Section VI-G.

A. Point Cloud Denoising

Dataset and Metric: For the fair comparison with the state-
of-the-art results, we follow SBP [92] to evaluate our method
under two benchmarks named as PU and PC that were released
by PUNet [97] and PointCleanNet [87]. We report our results
under 20 shapes in the test set of PU and 10 shapes in the test set
of PC. We use Poisson disk to sample 10 K and 50 K points from
each shape respectively as the ground truth clean point clouds
in two different resolutions. The clean point cloud is normalized
into the unit sphere. In each resolution, we add Gaussian noise
with three standard deviations including 1%, 2%, 3% to the
clean point clouds. We leverage L2 Chamfer Distance (L2CD)
and point to mesh distance (P2M) to evaluate the denoising per-
formance. For each test shape, we generate N = 200 noisy point
clouds to train our method. We sample B = 250 points in each
batch. We report our results and numerical comparison in Table I.
The compared methods include Bilateral [98], Jet [99], MR-
PCA [100], GLR [101], PCNet [87], GPDNet [88], DMR [91],
TTD [89], and SBP [92]. These methods require learned priors
and can not directly use multiple observations. The comparison
with different conditions indicates that our method significantly
outperforms traditional point cloud denoising methods and deep
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TABLE I
DENOISING COMPARISON
Point Number 10K (Sparse) 50K(Dense)
Noise 1% 2% 3% 1% 2% 3%
Model CD P2M CD P2M CD P2M CD P2M CD P2M CD P2M
Bilateral 3.646 1.342 5.007 2.018 6.998 3.557 0.877 0.234 2.376 1.389 6.304 4.730
Jet 2.712 0.613 4.155 1.347 6.262 2921 0.851 0.207 2.432 1.403 5.788 4.267
MRPCA 2972 0.922 3.728 1.117 5.009 1.963 0.669 0.099 2.008 1.003 5.775 4.081
GLR 2.959 1.052 3.773 1.306 4.909 2114 0.696 0.161 1.587 0.830 3.839 2.707
E PCNet 3.515 1.148 7.469 3.965 13.067 8.737 1.049 0.346 1.447 0.608 2.289 1.285
GPDNet 3.780 1.337 8.007 4.426 13.482 9.114 1913 1.037 5.021 3.736 9.705 7.998
DMR 4.482 1.722 4.982 2.115 5.892 2.846 1.162 0.469 1.566 0.800 2.632 1.528
SBP 2.521 0.463 3.686 1.074 4.708 1.942 0.716 0.150 1.288 0.566 1.928 1.041
TTD-Un 3.390 0.826 7.251 3.485 13.385 8.740 1.024 0.314 2.722 1.567 7.474 5.729
SBP-Un 3.107 0.888 4.675 1.829 7.225 3.726 0.918 0.265 2.439 1.411 5.303 3.841
Ours 1.060 0.241 2.925 1.010 4.221 1.847 0.377 0.155 1.029 0.484 1.654 0.972
Bilaterall 4.320 1.351 6.171 1.646 8.295 2.392 1.172 0.198 2.478 0.634 6.077 2.189
Jet 3.032 0.830 5.298 1.372 7.650 2.227 1.091 0.180 2.582 0.700 5.787 2.144
MRPCA 3.323 0.931 4.874 1.178 6.502 1.676 0.966 0.140 2.153 0.478 5.570 1.976
GLR 3.399 0.956 5.274 1.146 7.249 1.674 0.964 0.134 2.015 0.417 4.488 1.306
E PCNet 3.849 1.221 8.752 3.043 14.525 5.873 1.293 0.289 1913 0.505 3.249 1.076
GPDNet 5.470 1.973 10.006 3.650 15.521 6.353 5.310 1.716 7.709 2.859 11.941 5.130
DMR 6.602 2.152 7.145 2.237 8.087 2.487 1.566 0.350 2.009 0.485 2.993 0.859
SBP 3.369 0.830 5.132 1.195 6.776 1.941 1.066 0.177 1.659 0.354 2.494 0.657
Ours 2.047 0.518 2.056 0.519 5.331 1.935 0.426 0.129 1.043 0.316 2.22 1.096
L2CDx10* and P2M =107,
TABLE II
UPSAMPLING COMPARISON
Points 5K 10K

PU-Net SBP  Owurs | PU-Net SBP  Ours

CD 3.445 1.696  0.592 2.862 1.454  0.418

P2M 1.669 0.295 0.156 1.166 0.181 0.155

Fig. 10.  Visual comparison in point cloud denoising. Error at each point is
shown in color. (a) and (b) 10K points with 3% noise. (c¢) 10K points with 2%
noise. (d) and (e) SOK points with 3% noise. (f) SOK points with with 2% noise.

learning based point cloud denoising methods in both supervised
and unsupervised (“-Un”) settings. Error map comparison with
TTD [89] and SBP [92] in Fig. 10 further demonstrates our
state-of-the-art denoising performance.

B. Point Cloud Upsampling

From Denoising to Upsampling: Point cloud upsampling [92],
[97] aims at generating dense and uniformly distributed point
sets from a sparse point cloud. We justify that our proposed

L2CDx10* and P2M x10*.

method is also applicable to point cloud upsampling. Specif-
ically, given a sparse point cloud with N points as input, we
perturb it with Gaussian noise independently for t times, result-
ing in a noisy dense point cloud with tN points, which is then
feed to our denoising framework to acquire the final upsampled
point cloud.

Dataset and Metric: We use the PU dataset mentioned before
to evaluate the T learned in our denoising experiments in point
cloud upsampling. Following SBP [92], we produce an upsam-
pled point cloud with an upsampling rate of 4 from a sparse
point cloud by denoising the sparse point cloud with noise. We
compare the denoised point cloud and the ground truth, and
report L2CD and P2M comparison in Table II. We compared
with PU-Net [97] and SBP [92]. The comparison demonstrates
that our method can perform the statistical reasoning to reveal
points on the surface more accurately.

C. Surface Reconstruction for Shapes

ShapeNet: We first report our surface reconstruction perfor-
mance under the test set of 13 classes in ShapeNet [102]. The
train and test splits follow COcc [103]. Following IMLS [8],
we leverage point clouds with 3,000 points as clean truth, and
add Gaussian noise with a standard deviation of 0.005. For each
clean point cloud, we generate N = 200 noisy point clouds with
a batch size of B = 3000. We leverage L.1 Chamfer Distance
(L1CD), Normal Consistency (NC) [37], and F-score [104] with
a threshold of 1% as metrics.

Authorized licensed use limited to: Tsinghua University. Downloaded on November 10,2024 at 02:14:51 UTC from IEEE Xplore. Restrictions apply.

































