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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) = (”TTH, ””TH, ”22“))7 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
F,, with parameters O, transforms a tensor of static random codes z, € RV»*D»
to another tensor of vertex displacement vector Fj,(z,; M, 6,) € RY2*3 where
N, is the number of vertices, D, 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 [.. Then, the displacement is
added to a smoothed mesh S(zxi,; M) € RV»*3 to obtain a clean output, where
xin € RV»*3 is a tensor of input vertex positions. Specifically, the output tensor
of vertex positions oy, € RY»*3 is expressed as

Lout = S(mirﬁM) + Fp(zp;Mvgp)~ (2)

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

N.
I o~y ;2
Epos(Tout; Tin) = N Z [Tous — il (3)
Py=1
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where z? 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.

E : wout’

JEV,(2)

(4)
where V, (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.

2

out SLap( out)

N,
Erap(Tout) = N, Z ; Stap(z (v)ut Ve
Pi=1 2

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 F), 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 cf , normal nf , and area AF , which are computed for the noisy input
mesh. Refer to the supplementary document for the experimental validation of
the choice of feature elements.

Let z, € RN7*DPn be a tensor of the face features where N ¢ is the number of
faces, and D, is the number of dimensions of the facet features. Then, the clean
output normals 1.y, € RN/ %3 are represented as

Tout :Fn(zn;Maen)7 (5)

where @,, 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(nout7 nin) = Ff Z ||ntz)ut - nibn‘ll' (6)
i—

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 [12,415] 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 Z H Nout S‘t()il)f Out)

K (™)
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where S,S;)f means the bilateral filter Sy ¢ is applied ¢ times. In our experiment, we
empirically set ¢ = 5 for CAD models that often contain sharp features and ¢t = 1
for non-CAD models. As with Ep.p for PosNet, Ey¢ serves as a regularization
term that prevents overfitting to the noisy input.

3.4 DPosition 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:

=+ 3 ni(ni (¢ —a')), (8)
3‘fv(2)| . )
Je}-’v(l)

where F,(i) is a set of face indices around the ith vertex, and ¢’ 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.

N,
1 X . . i
Econ(mouta nout) = F Z Z ng)ut ' (c{)ut - xout)' (9)
Pri=1 JEFu (1)

Different from the original rule in Eq. (8), the normalizing constant 3|F, ()|
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= klEpos + kQELap + kSEnrm + k4Ebnf + k5ECOI‘l7 (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 1073 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-1p 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 = (ky, ko, k3, k4, ks) 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 process'. In addition, we
found that the output mesh can be extremely noisy at a relatively early stage in
training and that Ey,s can retain high-frequency noise unintentionally. There-
fore, we set the weight k4 for Eyu¢ 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 (3.5 GHz, 6 cores),
NVIDIA GeForce TITAN X (12 GB graphics memory), and 64 GB of RAM. Pos-
Net and NormNet are trained over 1000 steps by Adam optimizer with learning
rate of v = 0.01 and decay parameters (51, 52) = (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 6 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 [, of each mesh. The results are
compared with previous studies, including bilateral normal filtering (BNF) [15],

1 All the meshes used in this study are shown in the supplementary document.
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Noisy input BNF GNF DNF GCN-D DDMP Ground truth
_ 0 — 6370 0 o o ‘ o p30°
0 =14.40 0 =6.37 0 =8.05 0 =5.69 0 = 4.59 = 4.68

6 = 3.40°
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0 = 28.42° 0 = 3.49° 0 =2.93° =3.33° 0 =3.28° 6 =1.93°

Fig. 4. Visual comparison of output meshes between our method and prior methods.
AWGNs with different noise levels (i.e., 0.1l,0.2l¢,0.3l.) 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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Noisy input GCN-D DDMP Ground truth

FPPIPPS

0 = 33.72° 6 =17.06° 0 =4.11° 0 =4.13° 0 =4.19° 0 =2.90°

Fig. 5. Robustness to non-uniform density of triangles. The noisy input mesh and
noise-free counterpart are shown to the both sides and are marked by red circles to
show the densely triangulated regions. The noise level is 0.4l for this “block” example.

Noisy input GCN-D DDMP Ground truth

RPRERERR

0 =13.61° 60=10.08° 0=09.94° 6=749° 0=10.84° 6 =7.79° g50°

0 =17.89° 0 =13.54° 6 =13.51° 6=11.94° 0 1.08° 6 =12.70°

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 Tnput 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/0 Fune, and DDMP w/0 Egon, AAD and
AHD are computed for output meshes recovered by posterior iterative vertex updating.

PosNet PosNet NormNet NormNet DDMP DDMP
w/0 ELap w/0 Epnt w/0 Econ

Epos v v v v
ElLap v v v
Em'm v v v v
Epnt v v v
Econ v
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 Epyne, 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
ko for non-CAD models are set to zero, the results of PosNet and PosNet w/o
Erap 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
FEon using a non-learnable process of the iterative vertex updating. This means
FE¢on 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 Ef,o, and Epyns from PosNet and NormNet to
verify their effects. As supposed by the lower performance of PosNet w/o Epap
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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 Epy 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 Ey,, and Epns from each network
causes overfitting to noise. As shown in Fig. 7, the AADs of PosNet w/o Erap
and NormNet w/o Ey,¢ 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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I No smooth - LS-no-CW Ground truth

0 = 34.98° 0 =9.79° 0=9.17° 0 = 17.25°
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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Aid for Early-career Scientists (22K17907).
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