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Abstract

In the context of surface representations, we find a natural
structural similarity between grid surface and image data.
Motivated by this inspiration, we propose a novel approach:
encoding grid surfaces as geometric images and using image
processing methods to address surface optimization-related
problems. As a result, we have created the first dataset for grid
surface optimization and devised a learning-based grid sur-
face optimization network specifically tailored to geometric
images, addressing the surface optimization problem through
a data-driven learning of geometric constraints paradigm. We
conduct extensive experiments on developable surface opti-
mization, surface flattening, and surface denoising tasks using
the designed network and datasets. The results demonstrate
that our proposed method not only addresses the surface opti-
mization problem better than traditional numerical optimiza-
tion methods, especially for complex surfaces, but also boosts
the optimization speed by multiple orders of magnitude. This
pioneering study successfully applies deep learning methods
to the field of surface optimization and provides a new solu-
tion paradigm for similar tasks, which will provide inspiration
and guidance for future developments in the field of discrete
surface optimization. The code and dataset are available at
https://github.com/chaoyunwang/GSO-Net.

Introduction

The field of computer graphics is rife with discrete sur-
face optimization problems, spanning applications such as
3D modeling, digital fabrication, physical simulation, and
medical imaging. These problems encompass a variety of
tasks such as the optimization of developable surfaces, sur-
face flattening, and surface denoising (without emphasis, the
term “surface” in this paper refers to “discrete surface” or
“mesh” in general). Despite their different objectives, these
tasks share a common foundation: optimizing certain geo-
metric properties of the surface, such as flatness, smooth-
ness, and curvature, while adhering to a set of geometric
constraints such as surface continuity and boundary condi-
tions.

Conventional surface optimization heavily relies on var-
ious numerical optimization techniques, including methods
used in nonlinear optimization. While these methods have
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proven effective in dealing with small-scale or specific types
of problems, they can struggle with large-scale and complex
challenges, often encountering inefficiencies, convergence
difficulties, and numerous hyperparameter issues (Nocedal
and Wright 1999; Ma et al. 2021). In contrast, deep learning
has made significant strides in the field of image process-
ing. This success primarily stems from the regular struc-
ture of image data, allowing for specialized computations
using convolutional kernels. These kernels perform sliding
window computations, leading to efficient extraction and
utilization of image features. This facilitates learning com-
plex patterns from large amounts of data, an approach that
might offer insights or alternatives to conventional optimiza-
tion methods on discrete surfaces, especially grid surfaces in
this paper. As (Yuan, Cao, and Shi 2023) mentioned in their
overview of developable surfaces, there is scant research in
the area of artificial intelligence applications to developable
surfaces, they suggest building large-scale datasets for de-
velopable surface optimization.

In recent years, the application of deep learning in mesh
processing has primarily centered on tasks like classifica-
tion, segmentation, retrieval, and denoising, with a particular
focus on surfaces represented by irregular triangular meshes.
To handle such irregular structured data, two main strate-
gies are adopted: designing learning networks suitable for
irregular structured data or transforming the data into reg-
ular structured data. The former, represented by MeshCNN
(Hanocka et al. 2019) and SubdivNet mesh processing net-
works (Hu et al. 2022), can process directly on triangle
patches and are mainly used for semantic segmentation and
recognition problems. However, they are not applicable for
surface optimization problems. In the latter research involv-
ing regularized data processing, some studies parameterize
the mesh to create geometric images for processing (Gu,
Gortler, and Hoppe 2002). These studies tend to focus more
on mesh reconstruction and compression (Sinha, Bai, and
Ramani 2016; Wang et al. 2018; Ren et al. 2023). Also, there
is work involving sampling on mesh patches to build regular
structured data, which is common in surface denoising tasks
(Wang, Liu, and Tong 2016; Shen et al. 2022; Zhao et al.
2022). While these representations can be processed with
standard deep learning algorithms, from a data transforma-
tion perspective, they are lossy and cannot meet the preci-
sion requirements of tasks such as surface optimization.
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From the current research landscape, it is clear that ex-
isting network architectures cannot be directly applied to
surface optimization problems using deep learning methods.
This is mainly due to the complex, irregular connectivity of
triangular mesh representations, which are difficult for cur-
rent deep learning algorithms to handle with high precision.

Inspired by the work of (Jiang et al. 2020, 2021), on
quadrilateral mesh surfaces, we have found that quadrilat-
eral meshes can be better defined and constrained in surface
optimization tasks such as developable surface optimization
and surface flattening, compared to triangular meshes. We
noticed that the structure of regular quadrilateral meshes has
a natural similarity to image data structure. As shown in Fig-
ure 1, we encode the vertex position information of Grid
surface into RGB color information of image pixels. This
process does not lose any information, both can be equiva-
lently replaced and are well-suited for lossless compression
and data processing.

Figure 1: A grid surface and its corresponding geometric im-
age.

This method allows for a lossless transformation of sur-
face information, thus turning the surface optimization prob-
lem into an image processing problem. This conversion fits
the prevalent deep learning image processing methods. Ad-
ditionally, we can use the predefined geometric constraint
properties in surface optimization as loss function for the
network. This allows the network to learn surface opti-
mization in a self-supervised manner, greatly improving the
model’s generalization capabilities and task versatility, and
offers the potential to surpass numerical optimization algo-
rithms in optimization results.

In summary, the main contributions of this paper are as
follows:

* We exploit the data structure similarity between grid sur-
faces and images to encode grid surfaces as geometric
images, using image processing methods to solve grid
surface optimization problems.

* We have created a high-quality dataset of grid surface
and corresponding results optimized by numerical opti-
mization methods for research testing and comparison.

* We design a grid surface optimization network to learn
geometric constraints in a self-supervised manner, which
has been validated in several tasks for its generality and
effectiveness. Compared with the traditional numerical
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optimization method, the optimization speed is improved
by multiple orders of magnitude.

Grid Surface Dataset

For deep learning methods, datasets with large and diverse
samples are crucial. In view of the fact that there are no rel-
evant datasets available for surface optimization, we investi-
gate the construction method for the grid surface optimiza-
tion dataset used in this paper.

In surface construction, we utilize the Bezier surface
construction algorithm proposed by (Aumann 2003). This
method allows us to build surfaces of various shapes by
using different quantities and arrangements of 3D control
points, along with different degrees of Bezier curves. The
grid surface is subsequently obtained by sampling 64 x 64
points on continuous Bezier surfaces.

To diversify the surfaces in the dataset, we focus on two
essential features of surfaces, Gaussian curvature and shape,
and ensure that surfaces in each feature interval are included
in the dataset through a surface generation and screening
procedure. Specifically, in terms of Gaussian curvature fea-
tures, we use Kp(M), Kn(M), K4(M) to characterize
surface M:

(M) = 3 >pen maz(kic(pr),0)
(M) = % Yperr min(kc(pr), 0)
Ka(M) = %ZkeM |k (p)

where n represents the number of vertices of the surface
M, k¢ (pg) is the discrete Gaussian curvature at vertex py

computed with reference to (Meyer et al. 2003). In terms of
shape features, we use o2 to characterize surface M:

Kp
Ky )]

2 Z;(fi—?’ff )

g

where X; denotes the four boundary lengths of the grid sur-
face as shown in Figure 1, X is the mean value of these
boundary lengths.

Following the above approach, we generate 10401 grid
surfaces for deep learning training and testing, moreover, in-
clude the results obtained using the optimization algorithm
proposed by (Jiang et al. 2020) on the developable surface
optimization and surface flattening tasks as a reference for
traditional numerical optimization (TNO) method. Details
of the dataset are given in the supplementary material.

Method

In image processing tasks, digital images are usually en-
coded using 8 bits, requiring only 1/256 accuracy. However,
higher accuracy is required when expressing spatial grid ver-
tex positions in the form of image data storage. In our ex-
periments, we found that to ensure the basic smoothness re-
quirements of the surface, for example, with a grid size of
64 % 64, the required precision needs to reach approximately
1/12500, which is about 50 times higher than image preci-
sion. This places demanding demands on the learning capa-
bilities of deep learning networks. Moreover, unlike image
data, which only represents color information, grid vertices
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Figure 2: The pipeline of grid surface optimization. Different colored dashed lines are used in the Input and Output boxes to
distinguish surface optimization tasks, and the middle GSO-Net box can be used for these tasks in general.

represent actual spatial coordinate information. After under-
going any orthogonal transformation, the information repre-
sented by the surface remains unchanged. Thus, this image
encoding method also needs to take into account the invari-
ance of the surface representation under orthogonal transfor-
mations. All these challenges call for the careful design of
appropriate loss functions and network architectures to ad-
dress them.

Grid Surface Optimization

In designing the grid surface optimization network, we draw
on the image encoding-decoding structure commonly em-
ployed in deep learning networks. Our aim is to learn the
mapping of the vertices of the grid surface in an end-to-end
manner. Building on this design concept, we relate this task
to the image denoising, where the noise can be understood
as the displacement of vertices for surface optimization.

Figure 2 illustrates our proposed grid surface optimization
pipeline for different tasks. Within the Input box, the three
tasks we design are indicated by different colored dashed
lines, and the same differentiation is applied in the Output
box. The GSO-Net box in the middle represents the designed
grid surface optimization network, which can handle these
surface optimization tasks generically.

Specifically, in the pipeline for the developable surface
optimization task, the input is a non-developable surface
whose vertex positions are read and normalized before being
encoded into a geometric image data format. Then, with the
designed GSO-Net, a residual image representing the ver-
tex displacement of the surface is obtained. By concatenat-
ing the residuals with the input image, we obtain an opti-
mized geometric image representing a developable surface.
Once the developability requirements are met, the devel-
opable surface can be directly output. For surfaces with high
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values of the Gaussian curvature introduced as input, fine
networks can be employed to repeat the network operations
described above, allowing for further optimization that ulti-
mately results in a refined developable surface.

In the surface flattening task, a similar process is followed
as in the developable surface optimization task. The differ-
ence lies in ensuring that the output is planar. Thus, the num-
ber of channels in the network output is set to 2. In GSO-Net,
the blue dashed line in the input-output residual structure in-
volves a Flatten-init for surface flattening, where the output
represents the displacement of the initial mesh vertex.

In the surface denoising task, the processing flow is sim-
ilar. The input is a noisy surface and the output is a smooth
surface with noise filtered out. By GSO-Net, the basic noise
features are learned and denoised with the residual structure.

Here is a specific explanation of the network module de-
tails mentioned in Figure 2:

Network Architecture In the GSO-Net, the “Conv” bar
represents initial convolutional layer, and the red bar repre-
sents the feature extraction module, referring to the IMDB
module in the image denoising network (Hui et al. 2019),
skip connection is used between codec structures, the spe-
cific parameters are analyzed in the experimental section.

Normalization and Inverse Normalization Before feed-
ing the surface data into the network, we apply a preprocess-
ing method (Qi et al. 2017) that is suitable for point clouds
rather than images to normalize the data, and we need to use
these normalization parameters to inverse normalize the data
for output.

Flatten-init In order to ensure that the initialization plane
is as close as possible to the original surface flattening re-
sults and reduce the difficulty of network optimization, we
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design an initialization method to ensure that the average
mesh edge length of the 2d plane and the 3d surface in the
sampling direction is equal.

Residual Image In the design, we refer to (Zhang et al.
2017) image denoising network and utilize the residual
learning structure between input and output. This structure
allows the network to focus on learning the displacement of
mesh vertices between the input surface and the optimized
surface, which facilitates learning and convergence.

Tanh Activation Function To avoid oscillations during
training, we limit the range of network outputs. Inspired by
(Zhang et al. 2020) approach in point cloud networks, we
apply a tanh activation function to the output, restricting the
vertex movement within the range of [-1, 1].

Coarse-to-Fine Coarse-to-fine is a computational strategy
commonly used in the field of computer graphics. In the
optimization of developable surfaces, considering the com-
plexity of the surfaces, the network’s learning capacity, and
precision, we design a similar network as the mesh denois-
ing networks by (Wang, Liu, and Tong 2016; Zhao et al.
2019; Shen et al. 2022), employing a cascaded optimiza-
tion approach. We adopt a similar training and optimization
strategy by using coarse and fine networks, which results in
a two-stage optimization process for the surface, leading to
better optimization performance.

Loss Functions

During the training of the grid surface optimization network,
we exploit geometric constraints and prior knowledge re-
lated to surface optimization, transforming them into a form
that is computationally convenient for geometric image pro-
cessing. Here, the input geometric image is denoted by I,
the optimized output geometric image by O, and the num-
ber of vertices for each grid by N. Additionally, c represents
the number of image channels.

&, =0(x~1,)-0(x,)

O(x—1,y-1 O(x, -1 X d,=0(x-1,y-1)-O0(x,
G-y =) (6, y=1) e (x=1,y=1)-0(x,y)
’ d; =0(x,y=1)=O(x,y)

d; =0(x+1,5)-0(x,y)
d, =0(x+1,y+1)-0(x, y)

dy=0(x.y +1)=0(x,)
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Figure 3: Discrete Gaussian curvature computation on geo-
metric images.

We refer to several geometric properties of the optimized
developable surface to design the loss function: it is devel-
opable, smooth, and close to the original surface, and corre-
spond to the loss functions l0ss4c, 1055 fqir, l05S;, used for
network training. The following is the specific introduction.
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lossgc is based on the fact that the Gaussian curvature at
each vertex of the developable surface is zero. Figure 3 illus-
trates a schematic representation of calculating the discrete
Gaussian curvature on geometric images. To Calculate the
curvature at point O(x,y), one first needs to determine the
angle 6, formed by the adjacent edges met at the point and
A;, which represents the areas of the surrounding triangles.
The discrete Gaussian curvature kg (O(z,y)) is then calcu-
lated by referring to (Meyer et al. 2003).

In order to facilitate the optimized calculation of geomet-
ric image loss, the convolution kernel calculation is used
as the calculation lossg4.. The constant convolution kernel
We(iy designed as shown in Figure 4(a) can be used to

g
convolve the output geometric image, thereby obtaining the

edge vector d; required for calculating k¢ (O(z,y)) in Fig-

ure 3. The formulas for the convolution calculation of d; and
the loss function loss,, are presented below:

A\ = 5 Woeisy (m,n) # O (z + m,y + n)

I d®,d¥)

d; = (d” 3)
lossge =2 > | ka(O(x,y)) |
Ty

2

loss fq4r 1s designed to ensure the smoothness of the out-
put surface. We refer to the smoothness calculation used in
geometric optimization where adjacent vertices are forced
to be located along a straight line. The constant convolution
kernel Wy ;,, as depicted in Figure 4(b), is designed to com-
pute the [0sS t4: On the geometric image:

FO(z,y) =33 Wrair(m,n) « O (z +m,y + n)

1055 jair = 35 5 1F (2, 9)| @
c Ty

loss;y, is designed to make the optimized surface closely
resemble the original surface. We utilize the commonly used
mean square error (MSE) loss function in image processing
to compute [oss;, on the geometric image:

1088, = zx: Xy:(o(% y) — I(wvy))Q

®)

Figure 4: Constant convolutional kernel for computing geo-
metric loss.(a) Gaussian curvature; (b) fairness;(c)isometry.
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In the developable surface optimization task, the overall
loss function L0S5geyeiopabie 1 as follows:

Lossdevelopable = Win * lOSSin + Wfair * lossfair (6)
+wWge * 1085 g

where w;pn, Wiair, Wy are the weighting coefficients for
the corresponding loss function. By properly setting these
weighting coefficients, the trained model can achieve favor-
able overall performance in terms of surface developability,
proximity and smoothness.

In the surface flattening task, the term of isometry con-
straint defined in (Jiang et al. 2020) is used and converted to
loss;s, in geometric images, similarly to the calculation of
lossgyc. The constant convolution kernels Wi, ;) in Figure
4(c) are used to compute the quadrilateral diagonal vectors.
This computation is performed in the same manner as the
calculation of J; in equation (3). The overall loss is as fol-
lows:

Lossfiatten = Wiso * 1088550 + Wiair ¥ 108Spasr — (7)

In the surface denoising task, our goal is to optimize the
discrete surface so that it is similar to the input surface while
ensuring fairness. To achieve this, we refer to the losses
loss;y and lossfq4ir, as described in equation (5) and equa-
tion (4). The overall loss is as follows:

LosSgenocise = Win * 10885 + W fair * lossfair

®)

Evaluation Metrics

We employ various evaluation metrics tailored to different
tasks. Specifically, for the developable surface optimization
task, we use proximity and developability evaluation met-
rics. In the surface flattening task, we apply isometry met-
rics, and for the surface denoising task, we utilize normal
angle difference metrics. Let the sample size be denoted by
n, and let the surfaces before and after optimization be repre-
sented as M and M 'respectively, with IV being the number
of quadrilateral faces.

Proximity We indicate the shape similarity by the average
Hausdorff distance dy; , with respect to the length of the
bounding box diagonal, and the average evaluation metric
on the dataset is dg_,:

= 23 du (M) ©)

Developability We evaluate the performance of surface
developability optimization using K 4_,, which is the rate
of surface Gaussian curvature, and the overall average eval-
uation metric on the dataset is K 4_,_g:

Kar(M)=(Ka(M)—Ka(M'))/Ka(M)
Ko rq ::%jE:Z:1}(A—T(Aﬂ)

dHfa

(10)
Isometry We use the isometry loss on each quadrilateral
cell as the evaluation metric, the formula is as follows:

lossisofcell - lossiso/N

(11)
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Normal Angle Difference We refer to the average normal
angle difference 0, which is commonly used in mesh denois-
ing tasks. We calculate the mean values 0,455y —q and Oopt—q
before and after optimization on the dataset, and compute
the average rate defined by 0,,:—r—, as the evaluation met-
ric:

enoisyfa = % Z?:l Q(Ml)
eoptfa = % Z?:l G(Mz/)
= 5 i (0(M;) — 0(M)) /0(M;)

Experiments and Results

In the experiments, we first analyze and select specific pa-
rameters of the GSO-Net using the developable surface op-
timization task as a reference, and then conduct sufficient
experiments with this general network for the three surface
optimization tasks mentioned above. Finally, the experimen-
tal results of the proposed method and traditional numerical
optimization methods are comprehensively analyzed, both
quantitatively and qualitatively. More details of the experi-
ments and results are given in the supplementary material.

(12)

aopt—r—a

Developable Surface Optimization

In the developable surface optimization task, we initially
use the optimization results of traditional numerical opti-
mization methods as labels. This allows networks with dif-
ferent parameters to learn developable surface optimization
in a supervised learning manner, enabling us to compare
and select appropriate baseline network architectures. Sub-
sequently, we compare the results of network learning in
a self-supervised manner with different optimization strate-
gies, and compare with traditional numerical optimization
methods. Several surface optimization comparison example
results are also presented.

NC

—e— Params ¢

Loss
Params/M

Figure 5: Comparison of optimization loss and parameter
size for different network architecture parameters.

Network Architecture Parameters For our task, we de-
termine the number of IMDB (NB) and channels in the fea-
ture maps (NC) in each layer of the network by examining
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their fitting effect on the surface optimization. Moreover, the
size of model parameters is considered as a reference crite-
rion. The specific experimental results are shown in Figure
5. When NC was set to 16X (16,32,64,128) and NB was set
to 4, we achieved perfect learning performance with a pa-
rameter size of only 2.82M. It can be observed that setting
NC to 32X does result in a slight improvement in perfor-
mance, but this comes at the cost of a significant increase in
the parameter size.

Experimental Result Comparison In the experiment, we
compare the traditional numerical optimization method with
the GSO-Net method proposed in this paper, and verify the
effectiveness of the coarse-to-fine optimization strategy. As-
suming that the developability metric obtained by numerical
optimization methods is already excellent, we adjust the op-
timization parameters of the model to make lossg. close to
the result of the numerical optimization method. Then, we
use the proximity metric to evaluate and compare the per-
formance between the different methods.

Methods TNO Net-S Net-C Net-CF
lossge | 0.0283  0.0273  0.0417 0.0291
Ka o1 | 08888 0.8776  0.8300 0.8768
dg_a | 0.823% 0.608% 0.414% 0.517%
time | 38.256s  0.013s 0.013s 0.026s

Table 1: Developable surface optimization task evaluation
metrics statistical results for different methods.

Table 1 shows the developable surface optimization re-
sults. In the “Methods” row, “TNO” represents the tradi-
tional numerical optimization method, “Net-C” and “Net-
CF” represent the coarse and fine models in the coarse-to-
fine strategy for GSO-Net, respectively, and “Net-S” repre-
sents the single model without this strategy.

In our experiments, the loss,. of the pre-optimized
dataset is around 0.307. As shown in Table 1, all the meth-
ods reduce lossy. by about 91% (except Net-C as an inter-
mediate model), and the performance of these methods on
K 4_,_4 is also relatively consistent.

Compared with TNO, the methods based on GSO-Net
show improvements in terms of dg; . Specifically: (1) Net-
CF reduces dy_, from 0.8238% to 0.517%, a relative de-
crease of 37.24% compared to TNO; (2) Even without using
a coarse-to-fine optimization strategy, Net-S reduces dy_,
from 0.823% to 0.608%, a relative decrease of 26.12%; (3)
If the requirement for the Gaussian curvature value of the
developable surface is not overly stringent, Net-C reduces
dp_, from 0.823% to 0.414%, a relative reduction of about
50%, while K 4_,_, is reduced by only 5.88%.

Comparing the results of Net-S and Net-CF, it can be ob-
served that the proposed coarse-to-fine strategy can reduce
the dgr—, from 0.608% to 0.517%, balancing developability
and significantly enhancing the similarity between the sur-
faces before and after optimization.

The last row compares the time consumption among dif-
ferent methods. Since the proposed method can transform
the surface optimization problem into an image processing
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problem, the speed of the proposed method is improved by
multiple orders of magnitude compared with TNO.

The results in Table 1 represent the average optimization
performance over all surfaces, including surfaces with vari-
ous values of Gaussian curvature. In Figure 6, the optimiza-
tion results for surfaces with different ranges of Gaussian
curvature values are displayed. In this figure, the X-axis cor-
responds to surfaces with varying Gaussian curvature values,
and the left and right Y-axes represent K 4_,_, and dg_g,
respectively.

1.4%
0.9

1.2%

0.8 1%

o
; o
v 0.8% {;lt

S07

0.6%
0.6
A o 0.4%
| S e —— Ka—r—a TNO —# dy-5_TNO
: -
‘J’,.'F :- Ka—r—a Net-S i — 5 Net-S
1’;/’,.»‘ o— Kpa—r—a Net-C == dp—a Net-C 10.2%
os| ¥ —— Ka—r—a Net-CF = dy_a Net-CF

0.2 0.3 0.5 0.6 0.7 0.8

0.4
KA(M)
Figure 6: Line plots of the K4_,_, and dg_, statistics in
different surface Gaussian curvature interval values.

From Figure 6, the K 4_,._, correlation curves of the pro-
posed methods and TNO are observed to be closely aligned,
corresponding to the K4_,_, values in Table 1. Com-
pared to TNO, the difference in d;_, between the proposed
method and TNO grows rapidly as the Gaussian curvature of
the surface increases. This demonstrates that the proposed
method is significantly more adept than TNO at handling
complex surface optimization challenges. Additionally, the
advantage of the proposed coarse-to-fine strategy is appar-
ent in the correlation curves and corresponds to the results
documented in Table 1. However, it’s essential to recognize
that when optimizing surfaces with particularly low Gaus-
sian curvature values, or simple surfaces, TNO exhibits a
higher K 4_,_, compared to the proposed method. This ob-
servation is in alignment with the inherent strengths and
weaknesses of TNO, as delineated in the introduction.

In Figure 7, a collection of example results for devel-
opable surface optimization using different methods is ex-
hibited. Accompanying each optimized surface, deformation
heatmaps are provided. Within these heatmaps, the color is
indicative of the value of dyz, representing the distance from
the vertex to the original surface. Darker colors symbolize
greater deformation in comparison to the original surface.
A discernible observation from the heatmaps is that the col-
oration corresponding to the proposed method is consider-
ably lighter than that associated with the traditional method.
This visual evidence corresponds to the quantitative results
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(a) (b)

(©)

(d) (e)

Figure 7: Comparison of example developable surface optimization results for different methods. (a) raw input surfaces; (b)

TNO; (¢) Net-S; (d) Net-C; (e) Net-CF.

presented in Table 1 for dg_,. It provides a lucid demon-
stration that the proposed method has been successful in re-
ducing surface deformation while simultaneously ensuring
the development of the optimization results.

Surface Flatten

In the surface flattening task, we used the same data and net-
works as in the developable surface optimization task. Table
2 shows the results for different optimization methods.

In the context of Table 2, the “Methods” row details vari-
ous strategies employed in this paper. The “Init” method, de-
noted as Flatten-init, serves as a baseline reference. “TNO”
stands for the traditional numerical optimization approach
commonly used in the field. The “Net” method intro-
duces GSO-Net, our proposed solution. Building on the Net
method, “Net-W” leverages prior knowledge to calculate the
dynamic weight, w;,, particularly in areas with high Gaus-
sian curvature where the vertex itself is non-developable.
This leads to a considerable isometry loss. The value of w,
at the output point O(x,y) is equal to the normalized Gaus-
sian curvature value of the point and subtracted by 1:

Wiso(x,y) = 1 — normalization(|kg(O)|)(z,y) (13)
Methods Init TNO Net Net-W

l08Siso—celr 4 | 6.21e-3  3.30e-4 2.94e-4 2.46e-4
time | 0.002s 4.235s  0.015s  0.015s

Table 2: Surface flattening task evaluation metrics statistical
results for different methods.
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As can be seen from Table 2, compared to the base-
line Init, most methods achieve a loss reduction rate of
about 95%. Our proposed method Net outperforms the tra-
ditional method TNO, with Net-W further reducing losses
by 16.32% relative to Net and 25.45% compared to TNO.
Moreover, in the last row, the proposed method can reduce
the time consumption by multiple orders of magnitude.

Figure 8 displays heatmaps of several surface flatten-
ing optimization results, where the color corresponds to the
105S;s0—ce1r- The variation in color depth among the differ-
ent methods is consistent with the results in Table 2. No-
tably, the contours in Net-W are closer to those in TNO
compared to Net, showing that TNO’s method provides bet-
ter contouring. However, Net demonstrates superior perfor-
mance in capturing detail. Net-W effectively combines the
strengths of both to achieve the best overall results.

Surface Denoise

To further verify the generality of the proposed method, we
conduct simple experiments on the surface denoising task.
We add random noise to the original surfaces as noise sur-
face input to the network for training and learning denoising.
The surface noise addition is shown as follows:

Mnoisy =M+ N(‘U,, U)

where N (u, o) represents Gaussian noise, where p= 0 is set
and different levels of noise are generated by adjusting the
parameter o. Considering that the grid resolution is about
1/64, we set the maximum value of o to 0.015 and the min-
imum value to 0.001 to study the effect of surface noise re-
moval under different noise levels.
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Figure 8: Comparison of example surface flattening results for different methods. (a) Raw input surfaces; (b) Init; (c) TNO; (d)

Net; (e) Net-W.
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Figure 9: Comparison of example surface denoising results for different noise levels. (A) noise surfaces; (B) denoising results;
(a) raw smooth surface; (b) o = 0.001; (¢) o = 0.005; (d) ¢ = 0.010; (¢) o = 0.015.

Noise level(o) | 0.001 0.005 0.010 0.015
Onoisy—a 4.02° 21.36°  44.64°  61.59°
Oopt—a 0.633°  1.502°  2.505°  3.544°
opt—r—a 83.84% 92.85% 94.42% 94.30%

Table 3: Surface denoising task evaluation metrics statistical
results for different noise levels.

Table 3 shows the statistical results of surface denoising
tasks using GSO-Net. The results show that the proposed
method can denoise surfaces with different noise levels very
well, and the optimization efficiency does not decrease as
the noise level becomes higher.

In Figure 9, a surface denoising example is presented. A
visual examination reveals that the optimized results align
with the statistical findings for 6,,;_,, as shown in Table 3.
When compared with the original smooth surface, it’s evi-
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dent that the proposed method is capable of achieving excel-
lent surface recovery for various levels of noise.

Conclusion

In this work, we introduce an innovative approach to encode
the vertex location information of a grid surface into a ge-
ometric image, and subsequently address the grid surface
optimization problem through the use of image processing
methods. To implement this, we constructed a high-quality
grid surface dataset and designed a grid surface optimization
network, GSO-Net, applicable to general tasks. This net-
work employs geometric constraint loss for self-supervised
learning and can be effectively used for developable surface
optimization, surface flattening, and surface denoising tasks.
Experimental results show that our proposed method outper-
forms traditional numerical optimization methods in surface
optimization, especially for complex surfaces, and reduces
the optimization time by multiple orders of magnitude.
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