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Abstract. This study proposes a deep-learning framework for mesh de-
noising from a single noisy input, where two graph convolutional net-
works are trained jointly to filter vertex positions and facet normals
apart. The prior obtained only from a single input is particularly referred
to as a self-prior. The proposed method leverages the framework of the
deep image prior (DIP), which obtains the self-prior for image restora-
tion using a convolutional neural network (CNN). Thus, we obtain a
denoised mesh without any ground-truth noise-free meshes. Compared
to the original DIP that transforms a fixed random code into a noise-free
image by the neural network, we reproduce vertex displacement from
a fixed random code and reproduce facet normals from feature vectors
that summarize local triangle arrangements. After tuning several hyper-
parameters with a few validation samples, our method achieved signif-
icantly higher performance than traditional approaches working with a
single noisy input mesh. Moreover, its performance is better than the
other methods using deep neural networks trained with a large-scale
shape dataset. The independence of our method of either large-scale
datasets or ground-truth noise-free mesh will allow us to easily denoise
meshes whose shapes are rarely included in the shape datasets. Our code
is available at: https://github.com/astaka-pe/Dual-DMP.git.
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1 Introduction

The prevalence of low-cost three-dimensional (3D) scanning devices has made
digitizing the shapes of real-world objects easier. However, the surface geometries
captured by these 3D scanners are inevitably noisy, even when using the latest
scanning devices, due to weak light reflection caused by the specularity and
dark color of the object surface. Therefore, for accurate geometry processing
and aesthetic reasons, denoising the surface data is essential in subsequent vision
and graphics applications. A central problem of mesh denoising is the isolation of
geometric features from noise. To this end, a large number of studies have been
conducted for mesh denoising, including filter-based [4,9,14,22,26,39,40,42,45],
feature-extraction-based [1,19,34], and optimization-based [8,32,44] approaches.

https://github.com/astaka-pe/Dual-DMP.git
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Fig. 1. Our method performs learning-based denoising only using a noisy input mesh,
optimizing both the vertex positions and facet normals without using any training
datasets. As shown, it works well for both the mechanical parts with sharp geometric
features and human bodies, which are typical applications of 3D digital scanners.

However, despite the long continuous efforts, the isolation of geometric features
is still challenging, especially in the presence of high-level noise.

Recently, in other research areas, deep-learning techniques have raised a new
trend in data-driven approaches even for mesh denoising. To our knowledge,
most existing methods in this kind regress the noise-free normals from differ-
ent inputs, such as handmade local geometric features [30, 31, 43] and learned
features encoded by a neural network [15, 17, 24, 43]. After the noise-free nor-
mals are obtained, the output vertex positions are reproduced by the standard
iterative vertex updating [25], as performed by the traditional normal filter-
ing methods [40, 45]. However, this vertex updating process is not included in
their network architectures because it causes a huge computation graph and can
significantly slow down the backpropagation. Moreover, the vertex updating as
simple postprocessing can flip faces over and obtain wrong vertex positions.

In contrast to these data-driven approaches to filtering facet normals, this
study proposes the dual deep mesh prior (DDMP), which learns a self-prior for
mesh denoising using graph convolutional networks (GCNs). Compared to pre-
vious approaches, our method has two advantages. First, as the name of DDMP
indicates, our method trains the pair of graph convolutional networks on dual
graphs that filter vertex positions and facet normals, respectively. Our method
synchronously trains two GCNs for positions and normals with the position-
normal consistency loss. In this way, our method does not need the iterative
vertex updating and enables the network to learn the mesh denoising in an end-
to-end manner. Second, our method does not use a large shape dataset and
acquires a prior for mesh denoising from a single input mesh. We refer to such
a prior acquired with a single input as “self-prior.” To this end, our method ex-
tends the deep image prior (DIP) [29], which also acquires a self-prior for image
restoration, and denoises both vertex positions and facet normals. Therefore,
our method does not need time-consuming pretraining of the network using a
large dataset and can obtain a specialized result for each input shape. Further-
more, our method without a training dataset has been demonstrated to achieve
denoising better than other supervised learning methods.
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2 Related Work

Traditional mesh denoising. Mesh denoising is the task of filtering 3D sig-
nals such as vertex positions and normals. Hence, the previous approaches have
been inspired by the techniques for image denoising. Early approaches for mesh
denoising have processed vertex positions by spatial filtering [5,9,26], energy min-
imization [4], and iterative error diffusion [3] but have been followed by a large
number of approaches based on normal filtering. These approaches by normal
filtering smooth either vertex or facet normals and reproduce noise-free meshes
by iteratively updating vertex positions with the filtered normals [21,25, 27]. In
the past, various filters have been applied to smooth noisy normals such as Gaus-
sian filter [22], median filter [39], bilateral filter [12, 45], and other anisotropic
filters [35, 40, 42]. When compared to filtering vertex positions, methods that
used normal filtering are known to reproduce the sharp local geometries more
accurately. However, these methods often cannot reproduce shape features well
when they are scarcely recognized due to much noise. In contrast, optimization-
based approaches solve an energy minimization problem to satisfy a set of pri-
ors imposed on the ground-truth geometry or noise patterns. They formulated
the optimization problem based on techniques such as L0-regularized minimiza-
tion [8, 44], compressed sensing [32], and low-rank recovery [16, 33]. However,
these heuristic priors cannot always be applied to shapes that do not conform
to the ground-truth geometry or noise patterns to be assumed.

Learning-based mesh denoising. With the increasing use of learning-based
denoising for images, mesh denoising has gained increasing attention. The pio-
neering study by Wang et al. [31] used a simple multilayer perceptron (MLP)
to regress noise-free normals from the descriptor extracted by processing input
facet normals with noise. This method was followed by a two-step filtering ap-
proach [30] where the first step was equivalent to the prior one [31] and the second
step enhanced geometric details of the shape obtained by the first step. Zhao et
al. [43] introduced a new geometric descriptor based on the local volume around
a vertex of interest and applied 3D convolution to regress noise-free normals. Li
et al. [17] instead employed a non-local patch-group normal matrix [16, 33] to
regress the clean normals. DNF-Net [17] directly encoded the vertex positions
and adjacency matrix by a neural network and regressed the clean facet normals
from the encoded features. In contrast to these methods that extract geometric
features using standard neural networks, GCN-Denoiser [24] scissored an input
mesh into local patches and regressed the clean normals from the patch with
a GCN. GeoBi-GNN [41] is akin to GCN-Denoiser, but GeoBi-GNN used two
GCNs. The former filters noisy vertex positions in advance to normal regression,
and the latter further filters the normals computed with filtered positions. Then,
the final vertex positions are reproduced by an ordinary iterative process using
both the filtered positions and normals.

Learning deep prior without ground-truth data. Current deep neural
networks are usually composed of convolutional layers with learnable weights
associated with a convolution kernel. Each set of weights is trained to extract
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a structural pattern commonly appearing in the input data since the weight
parameters are shared over an entire data domain. Such a prior acquired by a
deep neural network is referred to as a “deep prior,” and it is acquired even
from a single input data. DIP [29] is a seminal approach that acquires the deep
prior from a single input and performs various image restoration tasks, such as
denoising and inpainting, only from a corrupted input image. The DIP paper
revealed that the convolutional layer can learn structural patterns more quickly
than random patterns such as white noise. This nature of convolutional layers
is useful to obtain the self-prior and restore images without using clean data.

For shape data, Williams et al. [37] proposed Deep Geometric Prior (DGP)
for reconstructing the surface geometry from a point cloud. DGP trains several
MLPs individually to reconstruct different local surface patches. In contrast,
Point2Mesh [7] leverages a self-prior to reconstruct the entire surface from an
input point cloud without any pretraining using a training dataset. In their
method, individual MeshCNNs [6] are trained to acquire the self-priors of the
shape in different triangle resolutions. The higher-dimensional information with
surface geometry with colors can also be reproduced by self-priors [36]. Although
these approaches require only a single point cloud to reconstruct its surface
geometry, they can fail to capture global features over the entire surface or
resolution because the base networks are individually trained for different patches
and resolutions.

3 Dual Deep Mesh Prior

Figure 2 shows the architecture of DDMP. The input is a noisy mesh M(V, E)
where V and E are the sets of vertices and edges of the mesh. Based on the adja-
cencies of vertices and faces, we define dual graphs Gv and Gf whose nodes corre-
spond to vertices and faces. On each graph, we define a GCN that denoises either
vertex positions or facet normals. We refer to these GCNs for positions and nor-
mals as PosNet and NormNet, respectively. The denoised positions and normals
are evaluated in terms of their reproducibility by Epos and Enrm, smoothness by
ELap and Ebnf , and consistency by Econ. Specifically, our method evaluates the
reproducibility with Epos and Enrm against the noisy input and works without
the ground-truth data.

A previous method that is most similar to ours is GeoBi-GNN [41], which
defines GCNs on dual graphs and filters both the vertex positions and facet
normals. However, GeoBi-GNN needs the iterative vertex updating, which is
not included in the network architecture. In contrast, our method is truly an
end-to-end approach without requiring the iterative process [25] for recovering
the final vertex positions. Furthermore, our method works well without either a
large-scale shape dataset or time-consuming pretraining of the neural network.

3.1 Good self-prior for shape attributes

Before explaining the proposed method, we quickly review DIP [29], by which our
paper is inspired. DIP successfully removes noise from an input corrupted image
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Fig. 2. DDMP builds dual graphs of the input mesh and associates two GCNs with
them. The two GCNs, namely, PosNet and NormNet, are respectively in charge of
filtering vertex positions and facet normals. Output positions and normals are evaluated
into three groups of loss functions: (1) the first group evaluates vertex positions, (2) the
second group evaluates facet normals, and (3) the last group evaluates the consistency
of vertex positions and facet normals.

without using either a large-scale image dataset or a ground-truth clean image.
The network of DIP transforms a static random code z to the restored image
xout and is trained to minimize the difference between xout and the noisy input
image xin. Let F be the map defined by the network with a set of parameters
Θ. Then, DIP trains the network to obtain the best parameter set Θ∗:

Θ∗ = argmin
Θ

1

|I|
∑
i∈I

∥∥xi
out − xi

in

∥∥2
2
, where xout = F (z;Θ), (1)

where I is an index set of image pixels, |I| is the size of I (i.e., the number of
image pixels), xi is the color of the ith pixel, and ∥·∥p is the ℓp-norm of a vector.

The DIP paper [29] shows that its capability of image restoration is reasoned
by the nature of neural networks, where the network learns structural patterns
more quickly than random patterns. Therefore, the presence of structural pat-
terns must be considered to apply the framework of DIP to shape attributes,
such as vertex positions and facet normals. Figure 3 shows dinosaur models col-
orized based on vertex positions and facet normals. In Fig. 3(a), the model is
fit to a unit cube [0, 1]3 by keeping its aspect ratio, and each vertex is colorized
based on its position (i.e., (r, g, b) = (x, y, z)). However, the vertex colors in
Fig. 3(a) are not structural, changing gradually over the surface and not cor-
responding to the bumps on its back. In contrast, the vertices in Fig. 3(b) are
colored by the displacements from the smoothed mesh at the top left. A color
pattern is repeated to follow the repetition of the bumps on the back. In light
of these observations, a network will learn the displacements more easily than
the positions themselves. When colorizing the faces with their normals (i.e.,
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(a) vertex positions (b) vertex displacements (c) facet normals

Fig. 3. Colorized meshes by (a) vertex positions, (b) vertex displacements from
smoothed mesh, and (c) facet normals. For vertex positions, the displacement from
a smoothed mesh is more appropriate to elicit the structural pattern, whereas the
facet normals form a structural pattern without any special treatment.

(r, g, b) = (nx+1
2 ,

ny+1
2 , nz+1

2 )), we can see the repetition of a color pattern on
the bumps in Fig. 3(c). Hence, facet normals will be reconstructed due to the
nature of convolutional layers without any special treatment.

The above observations suggest that PosNet and NormNet should be trained
differently. We train PosNet to reproduce the displacements of vertices between a
smoothed mesh and the noisy input mesh. On the other hand, we train NormNet
to reproduce the facet normals as the original DIP does.

3.2 PosNet: Position filtering network

As previously discussed, we train PosNet to estimate the vertex displacements
from the smoothed shape. PosNet consists of a stack of 12 graph convolutional
layers [10] followed by 2 fully connected layers. As the original DIP does, PosNet
Fp with parameters Θp transforms a tensor of static random codes zp ∈ RNp×Dp

to another tensor of vertex displacement vector Fp(zp;M, Θp) ∈ RNp×3, where
Np is the number of vertices, Dp is the number of dimensions of the random
codes. To avoid that a mesh scale affects the result, we normalize the size of
an input mesh by the average length of edges le. Then, the displacement is
added to a smoothed mesh S(xin;M) ∈ RNp×3 to obtain a clean output, where
xin ∈ RNp×3 is a tensor of input vertex positions. Specifically, the output tensor
of vertex positions xout ∈ RNp×3 is expressed as

xout = S(xin;M) + Fp(zp;M, Θp). (2)

The output positions were evaluated by two error functions. One is a reconstruc-
tion error defined with the root-mean-squared error (RMSE):

Epos(xout,xin) =

√√√√ 1

Np

Np∑
i=1

∥xi
out − xi

in∥
2

2, (3)
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where xi is an ith row of the tensor. In addition, we employed a Laplacian error
for vertex positions to encourage the smoothness of the output mesh.

ELap(xout)=

√√√√ 1

Np

Np∑
i=1

∥∥∥∥xi
out−SLap(xi

out)

∥∥∥∥2
2

, SLap(x
i
out)=

1

|Vv(i)|
∑

j∈Vv(i)

xj
out,

(4)
where Vv(i) is an index set for neighboring vertices around the ith vertex. As
shown later, this error also serves as a regularization term for PosNet that pre-
vents overfitting to the noisy input.

3.3 NormNet: Normal filtering network

Discussions in Sec. 3.1 showed facet normals can represent structural patterns
of local surface geometry without any special treatment. Accordingly, we train
NormNet Fn to reproduce clean facet normals as in the original DIP [29]. The
architecture of NormNet is the same as that of PosNet (i.e., it has 12 graph
convolutional layers followed by 2 fully connected layers), but its graph convolu-
tional layers are defined on a dual graph where each node corresponds to a face.
Besides, each output is normalized to be a unit vector.

Different from PosNet, we supply a set of handmade feature vectors to Norm-
Net rather than the random codes to PosNet. The feature vector summarizes the
geometric features of a face. For a face indexed by k, the feature vector includes
barycenter ckin, normal nk

in, and area Ak
in, which are computed for the noisy input

mesh. Refer to the supplementary document for the experimental validation of
the choice of feature elements.

Let zn ∈ RNf×Dn be a tensor of the face features where Nf is the number of
faces, and Dn is the number of dimensions of the facet features. Then, the clean
output normals nout ∈ RNf×3 are represented as

nout = Fn(zn;M, Θn), (5)

where Θn is a set of parameters of NormNet. Although the RMSE is used to
train PosNet, we employ a reconstruction error using the mean absolute error
(MAE) to let NormNet more sensitive to sharp geometric features.

Enrm(nout,nin) =
1

Nf

Nf∑
i=1

∥ni
out − ni

in∥1. (6)

Additionally, we define another error function to evaluate the smoothness of
output facet normals. The smoothness error is defined based on bilateral fil-
ter [28] that has been widely used for mesh smoothing [12, 45] and encourages
the smoothness of the normals while preserving the local surface geometry such
as sharp edges. We calculate the MAE between the output facet normals and
those smoothed by the bilateral filter.

Ebnf(nout) =
1

Nf

Nf∑
i=1

∥∥∥ni
out − S

(t)
bnf(n

i
out)

∥∥∥
1
, (7)



8 S. Hattori et al.

where S
(t)
bnf means the bilateral filter Sbnf is applied t times. In our experiment, we

empirically set t = 5 for CAD models that often contain sharp features and t = 1
for non-CAD models. As with ELap for PosNet, Ebnf serves as a regularization
term that prevents overfitting to the noisy input.

3.4 Position and normal consistency

Although PosNet and NormNet filter noise on vertex positions and facet normals
of the input mesh independently, these results can be inconsistent. Therefore,
we may need an iterative vertex updating process [21,25,27] to make them con-
sistent, as performed in many previous methods. However, this iterative process
results in a large computation graph needed for the backpropagation and can
slow down the network training significantly, which hinders the whole training
process from being performed in an end-to-end manner. Furthermore, individual
filters for position and normals by our PosNet and NormNet can be invalid due
to the absence of the ground-truth noise-free mesh during training, resulting in
flipped and self-intersected triangles.

To resolve these problems, we employ a position-normal consistency loss
based on the formulation of the iterative vertex updating [25]. This approach
updates the vertex positions based on the following updating rule:

xi
new = xi +

1

3|Fv(i)|
∑

j∈Fv(i)

nj(nj · (cj − xi)), (8)

where Fv(i) is a set of face indices around the ith vertex, and cj is the cen-
troid of the jth face. The second term of Eq. (8) represents an amount of vertex
displacement during the update and is converged to zero when the update is
terminated. This means that the second term can measure the consistency be-
tween given positions and normals of adjacent faces. Accordingly, we define a
consistency error between the output vertex positions of PosNet and the output
facet normals of NormNet by summing up the displacements.

Econ(xout,nout) =
1

Np

Np∑
i=1

∑
j∈Fv(i)

nj
out · (cjout − xi

out). (9)

Different from the original rule in Eq. (8), the normalizing constant 3|Fv(i)|
is omitted in the above equation for simplicity. This means that a vertex sur-
rounded by more faces will be penalized more heavily for its displacement, but
this change did not matter to the results significantly.

3.5 Loss function

Overall, we train PosNet and NormNet synchronously using the error:

E = k1Epos + k2ELap + k3Enrm + k4Ebnf + k5Econ, (10)
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Table 1. Quantitative comparison of AAD and AHD values. In each cell, AAD and
AHD are written to the left and right. The AHDs are in the unit of 10−3 and are
calculated after the size is normalized by the diagonal length of a bounding box.

Model Type Input BNF [45] GNF [40] DNF [15] GCN-D [24] DDMP

block CAD 33.72◦/4.32 7.06◦/1.26 4.11◦/0.99 4.13◦/0.99 4.19◦/0.98 2.90◦/0.74
fandisk CAD 28.42◦/3.23 3.49◦/0.76 2.93◦/0.68 3.33◦/0.69 3.28◦/0.70 1.93◦/0.49

nut CAD 22.23◦/1.61 5.70◦/0.78 4.05◦/0.55 4.21◦/0.52 3.64◦/0.50 3.09◦/0.44
part-lp CAD 18.87◦/2.43 2.07◦/0.66 2.59◦/0.69 2.84◦/0.67 2.40◦/0.62 1.78◦/0.46

trim-star CAD 29.36◦/3.42 6.57◦/1.16 6.95◦/1.11 5.55◦/0.93 4.86◦/0.89 4.71◦/0.84
ankylo. non-CAD 14.40◦/0.58 6.37◦/0.44 8.05◦/0.46 5.69◦/0.33 4.59◦/0.31 4.68◦/0.29
fertility non-CAD 19.39◦/1.35 5.54◦/0.72 5.70◦/0.58 3.83◦/0.44 2.68◦/0.34 3.40◦/0.45
nicolo non-CAD 30.92◦/0.92 5.48◦/0.29 6.79◦/0.33 5.17◦/0.26 4.73◦/0.25 5.11◦/0.26

suit-man non-CAD 13.44◦/0.33 8.45◦/0.42 6.57◦/0.22 5.22◦/0.20 4.47◦/0.17 5.26◦/0.21

where K = (k1, k2, k3, k4, k5) is a set of hyperparameters (i.e., the weights for
the error terms). As with the data-driven approaches using deep learning, these
hyperparameters affect the denoising performance of our method. Based on the
result of hyperparameter tuning by Ray Tune [18], we set K = (3, 0, 3, 4, 2)
for CAD models, whereas K = (3, 4, 4, 4, 1) are set for non-CAD models. Only
four meshes (i.e., sharp-sphere, twelve, carter, and grayloc), which are not used
in performance comparisons, were used in the tuning process1. In addition, we
found that the output mesh can be extremely noisy at a relatively early stage in
training and that Ebnf can retain high-frequency noise unintentionally. There-
fore, we set the weight k4 for Ebnf to zero during the first 100 steps to prevent
the facet normals from converging to a local minimum different from the desired
ones. We show the details of this experiment in the supplementary document.

4 Experiments

Our method is implemented using PyTorch and PyTorch Geometric and is tested
on a computer equipped with Intel Core i7 5930K CPU (3.5GHz, 6 cores),
NVIDIA GeForce TITAN X (12GB graphics memory), and 64GB of RAM. Pos-
Net and NormNet are trained over 1000 steps by Adam optimizer with learning
rate of γ = 0.01 and decay parameters (β1, β2) = (0.9, 0.999). Following GCN-
Denoiser [24], we used two metrics for evaluation, the average normal angular
difference (AAD) and the average one-sided Hausdorff distance (AHD) between
the ground-truth and the output. Note that AHDs are normalized by the diago-
nal length of a bounding box of the ground-truth mesh. A smaller value for both
of them means better denoising performance. In the following figures, we visu-
alize the denoised meshes by colorizing each face based on the normal angular
difference. We also show the specific value θ of the AAD below each mesh.

Results on artificial noise. We demonstrate the denoising performance of
our method for additive white Gaussian noise (AWGN), whose magnitude is
set as a multiple of the average edge length le of each mesh. The results are
compared with previous studies, including bilateral normal filtering (BNF) [45],

1 All the meshes used in this study are shown in the supplementary document.
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Fig. 4. Visual comparison of output meshes between our method and prior methods.
AWGNs with different noise levels (i.e., 0.1le, 0.2le, 0.3le) are added to three meshes
from top to bottom.

guided normal filtering (GNF) [40], deep normal filtering network (DNF) [15],
and mesh denoising with graph convolutional networks (GCN-D) [24]. For BNF
and GNF (i.e., the traditional approaches that do not use deep learning), we
tuned the hyperparameters manually. On the other hand, for DNF and GCN-D
(i.e., the state-of-the-art approaches using deep learning), we used pretrained
weights provided by the authors. These methods were tested with nine meshes
provided by the authors of cascaded normal regression (CNR) [31] and GCN-
D [24], which are classified into CAD models with many sharp features and
non-CAD models with a few ones.

Table 1 shows the quantitative analysis for the meshes, and Fig. 4 shows the
visual comparisons for some of them. They show that traditional approaches of-
ten oversharpen edges or oversmooth fine details, while our method removes noise
while preserving both the sharp edges and fine details. Furthermore, although
our method uses only a noisy input mesh, its performance is comparable with or
better than the various methods using large training datasets. This tendency is
more apparent in CAD models, which shows that our approach accommodates
each input and keeps sharp edges and fine details.

Figure 5 shows the robustness of our method for spatially varying density of
triangles, where densely triangulated regions are marked by red circles. For the
“block” mesh in this figure, we added noise uniformly over the mesh surface,
which means that the relative noise level is higher in the densely triangulated
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Fig. 6. Visual comparison of denoising performances for meshes obtained by real scans.
The meshes are provided by the authors of the CNR paper [31].

regions. Such regions with a high noise level are not properly denoised by most
previous approaches, while GNF is robust to the triangle density but oversharp-
ens edges. Compared to these approaches, our method obtains the lowest AAD,
working more robustly to the triangle density and keeping sharp edges.

Results on real scans. Next, we evaluate our method using meshes obtained
by real scans. The meshes used here are provided by the authors of CNR [31]
that are acquired by KinectFusion [20] with Microsoft Kinect v1. For GCN-D,
we used a pretrained model for artificial noise, the only one available publicly.
In this experiment, our method uses the hyperparameters K = (3, 4, 4, 4, 1) for
non-CAD models. Training only for 50 steps was sufficient for these meshes
because their noise levels are comparatively less than AWGN used previously. In
addition, the noise that we can see in Fig. 6 behaves differently from AWGN and
consists of both the low- and high-frequency components. Hence, the denoising
performances of previous approaches in Tab. 2 are decreased compared to those
for AWGN, except for CNR learning such particular noise. Nevertheless, for such
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Table 2. Quantitative comparison for meshes obtained by real scans. Despite the
absence of training with the ground-truth meshes, our method achieved as low AADs
as CNR [31] that learns the ground-truth data.

Model Input BNF GNF CNR GCN-D DDMP

pyramid 13.61◦/2.21 10.08◦/2.18 9.94◦/2.20 7.49◦/2.13 10.84◦/2.21 7.79◦/2.16
david 17.89◦/1.86 13.54◦/1.85 13.51◦/1.85 11.94◦/1.86 14.08◦/1.85 12.70◦/1.88

Table 3. Quantitative comparison of DDMP with its variants where some of the errors
have been ablated. For NormNet, NormNet w/o Ebnf , and DDMP w/o Econ, AAD and
AHD are computed for output meshes recovered by posterior iterative vertex updating.

PosNet PosNet
w/o ELap

NormNet NormNet
w/o Ebnf

DDMP
w/o Econ

DDMP

Epos ✓ ✓ ✓ ✓
ELap ✓ ✓ ✓
Enrm ✓ ✓ ✓ ✓
Ebnf ✓ ✓ ✓
Econ ✓

sharp — 15.60◦/1.77 5.00◦/1.43 9.55◦/1.53 5.44◦/1.44 4.90◦/1.40
twelve — 15.64◦/2.14 1.02◦/0.40 7.47◦/1.36 1.04◦/0.60 1.20◦/0.36
carter 4.96◦/0.31 9.27◦/0.43 4.89◦/0.32 4.88◦/0.32 5.09◦/0.33 4.95◦/0.31
grayloc 9.19◦/1.60 26.22◦/2.03 10.50◦/1.63 14.05◦/1.74 8.89◦/1.59 7.25◦/1.56

a challenging scenario, our method achieved the second best AAD next to CNR
and outperformed the other approaches, including GCN-D using deep learning.
These results show the dependency of previous learning-based approaches on
the distribution of training datasets, as well as the advantage of our method
independent of datasets. In contrast, AHDs of the input noisy meshes were not
decreased significantly by all the compared approaches and ours. This is due to
the non-zero average of positional displacements by real scanning, even though
most compared approaches including ours implicitly assume zero-mean noise.

Effect of error terms. We conduct an ablation study to verify the effect of
each error term in Eq. (10). Table 3 shows a list of test cases in which some
of the error terms are ablated. In each test case, AAD and AHD are evaluated
for sample meshes. For NormNet, NormNet w/o Ebnf , and DDMP w/o Econ,
we perform the iterative vertex updating [25] to obtain output meshes. Since
“sharp-sphere” and “twelve” models are categorized as non-CAD models, and
k2 for non-CAD models are set to zero, the results of PosNet and PosNet w/o
ELap will be exactly the same. Hence, we drew only horizontal lines to the cells
for these two models processed by PosNet. As shown by Tab. 3, the performance
of the full DDMP is better than those of both PosNet alone and NormNet alone.
This result suggests that the synchronous training of our method allows the
networks to interact with each other and obtains better results than those given
by only one of two networks. Moreover, the full DDMP outperforms that without
Econ using a non-learnable process of the iterative vertex updating. This means
Econ works not only to enable the end-to-end learning of mesh denoising but
also to enhance the interaction of PosNet and NormNet.

Moreover, we ablate error terms ELap and Ebnf from PosNet and NormNet to
verify their effects. As supposed by the lower performance of PosNet w/o ELap
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Fig. 7. Changes in AAD values during training PosNet and NormNet with and without
smoothness error terms. These figures show the AAD values, which are unknown during
training. Note that the AAD values of “sharp-sphere” shown in the right are computed
for the direct output of NormNet before vertex updating.

and NormNet w/o Ebnf than those with the smoothness errors, these terms
regularize the shape optimization and prevent it from being stuck to an inap-
propriate solution. Furthermore, the lack of ELap and Ebnf from each network
causes overfitting to noise. As shown in Fig. 7, the AADs of PosNet w/o ELap

and NormNet w/o Ebnf get higher after hundreds of steps, which shows the net-
works are overfitted to noise. Therefore, these regularization terms are helpful to
obtain better results almost independently of when the training is terminated.

Effect of initial smoothing. Our method relies on a smoothing operation on
the input mesh to extract the displacements at the vertex positions. To confirm
the effect of smoothing, we compare the 30-step Laplacian smoothing “without”
cotangent weights (LS-no-CW) [23], which we used in the above experiments,
with three other options, i.e., no smooth, bilateral normal filtering (BNF), and
3-step Laplacian smoothing “with” cotangent weights (LS-CW). The denoised
results for the different smoothing operations are shown in Fig. 8, in which the
meshes after initial smoothing are also shown in the top-left insets. The quan-
titative comparison is also shown in Table 4. The comparisons show that BNF
and LS-CW obtain better results for CAD models and non-CAD models, respec-
tively. This means an initial smoothing that gives a closer shape to the noise-free
mesh may obtain a better output mesh. In contrast, LS-no-CW performs well
almost equally with BNF for CAD models and better than both the BNF and
LS-CW for non-CAD models. During this experiment, we found that an input
smoothed shape, which is very close to the desired output, can complicate the
network to learn structural patterns from the small difference, and the network
can be just an identity mapping. In light of this, LS-no-CW that we used in the
above experiments is a good choice to achieve good denoising for a wide range
of meshes, although BNF may be able to achieve better results for CAD models.
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Fig. 8. Comparison of smoothed meshes obtained by different initial smoothing.

Table 4. Quantitative comparison for different initial smoothing operations.

Model Type Input No smooth BNF LS-CW (3 itr.) LS-no-CW
(30 itr.)

sharp CAD 24.81◦/2.24 24.78◦/2.24 4.64◦/1.34 5.27◦/1.35 4.90◦/1.40
twelve CAD 22.59◦/2.74 22.42◦/2.72 0.99◦/0.32 1.47◦/0.36 1.20◦/0.36
carter non-CAD 12.87◦/0.48 12.87◦/0.48 5.25◦/0.31 4.98◦/0.31 4.95◦/0.31
grayloc non-CAD 34.99◦/2.32 34.98◦/2.32 9.79◦/1.58 9.17◦/1.57 7.25◦/1.56

5 Conclusion

This paper presented DDMP, a new mesh denoising framework using the self-
prior acquired with a single input. DDMP optimizes both the vertex positions
and facet normals synchronously with two GCNs (i.e., PosNet and NormNet) de-
fined on dual graphs. These two networks can interact with each other to reduce
noise while preserving sharp edges and fine details by introducing an error term
to enhance position-normal consistency. Since the dual networks are trained with
only a noisy input mesh, time-consuming pre-processing, such as patch genera-
tion and pretraining with large training datasets, is not required. Experimental
results showed that our method achieved significantly higher performances than
those of traditional approaches working only with a noisy input. Moreover, our
method outperformed the state-of-the-art methods of learning many shapes.

In future work, we are interested in applying DDMP to other mesh restoration
tasks, such as mesh completion and mesh simplification. To this end, we need
further investigation on how an input mesh to DDMP should be obtained to share
the same triangulation with an unknown desired output. We are also interested in
combining DDMP with other self-supervised methods, such as Noise2Noise [13]
and its variants [2,11,38], which propose their own data augmentation for noisy
images and train the network without using ground-truth clean images.
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