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Abstract: Reconstructing 3D models from a single image has numerous applications in fields such as
VR/AR, medical imaging, and gaming. However, most mesh-based methods are limited by the use of
0-genus initial templates, which makes it difficult to reconstruct 3D meshes with complex topologies.
Additionally, existing methods often prioritize reconstructing the overall shape and neglect to study
local meshes with varying curvatures, resulting in a lack of correct and detailed local features in the
generated meshes. This paper proposes a 3D reconstruction framework that transitions from global to
local and incorporates MLP and GCN. The framework introduces a mesh pruning strategy under a 2D
hole constraint to restore the correct mesh topology. Moreover, the framework fine-tunes local details
by separately learning corresponding mapping functions on high-frequency and low-frequency local
extended patches. The experiment with the proposed network on the ShapeNet dataset shows that
the network has a CD value of 1.763 and an F-score of 85.40. The results from extensive experiments
demonstrate that our proposed method outperforms existing methods in topology correction and
local detail reconstruction.

Keywords: 3D reconstruction; mesh; hole constraints; GCN; frequency feature

1. Introduction

Reconstructing the 3D structure of an object from a single image is an important task
in computer vision and graphics. However, due to the ill-posed nature of single-view
3D reconstruction, additional prior knowledge or appropriate constraints are required
to restore the correct 3D shape of an object. In recent years, the development of deep
learning and the popularization of 3D shape datasets [1–3] have enabled neural networks
to encode the hidden structural information of images effectively, resulting in significant
advancements in the field of 3D reconstruction.

Existing research on single-view reconstruction employs various 3D shape representa-
tions, including implicit functions [4–7], voxels [8–11], point clouds [12–14], meshes [15–23],
and others. Voxel-based methods are challenging to reconstruct high-precision shapes
due to the large amount of memory and computational time required to apply 3D CNN.
The point cloud representation lacks connection information between points, making it
difficult to represent the surface details of 3D objects. Methods based on implicit functions
often require the execution of expensive post-processing steps, such as the Marching cube
algorithm [24], to generate functional 3D structures. Compared with other representations,
the mesh adopted in this paper is a compact, seamless, and coherent surface representation
capable of representing finer surface details with smaller data sizes.

However, methods using mesh representation face significant challenges:
The first challenge is dealing with objects with complex topological structures. Most

mesh-based single-view reconstruction methods mainly rely on the free deformation of the
initial mesh, which limits the reconstruction to meshes with 0-genus topology. According
to topology theory [25], the topological properties of meshes remain unchanged under
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homeomorphic morphism. As shown in Figure 1, the reconstruction results of the mesh-
based method [16] are topologically equivalent to the 0-genus initial template, and the
lack of correct holes in the reconstruction results has become a shortcoming that affects
the visual effect. Recent studies [18] have begun to explore mesh pruning to generate
corresponding holes by estimating the sampling point error; however, smaller holes cannot
be handled due to the sparseness of the sampling point cloud. Moreover, data-driven
methods have difficulty recovering uncommon holes in the dataset. Thus, achieving the
correct topology of the reconstruction result remains a significant problem in the field.
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Figure 1. The first challenge for single-view reconstruction.

The second challenge of mesh reconstruction is the difficulty of generating smooth
surfaces with precise details. As shown in Figure 2, the plane lacks sufficient detail in the
high-curvature wing parts to reconstruct the engine, and the lower-curvature parts, such
as the fuselage, are not smooth enough when compared to the ground truth. This issue
can be explained in terms of frequency: the high-curvature part of the mesh contains a
large number of high-frequency features, while the high-frequency information in the low-
curvature part is mainly noise. Thus, the neural network should retain the high-frequency
signal as much as possible in the high-curvature part while suppressing the high-frequency
information in the low-curvature part. However, existing methods do not differentiate
between high- and low-curvature meshes, which may lead to the worst-case scenario of
lacking detail in high-curvature and too much noise in low-curvature.
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In order to address these challenges, we propose a framework for global-to-local
single-view mesh reconstruction that can independently fine-tune high-frequency and
low-frequency local meshes and introduce 2D hole constraints to restore the correct mesh
topology. First, a structure that incorporates multilayer perceptron (MLP) and graph con-
volutional neural networks (GCN) can reduce the number of graph neural network (GNN)
layers by restoring the global shape of the mesh using cascaded MLP deformation blocks,
thereby reducing memory consumption and over-smoothing issues [26]. At the same time,
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we believe that the 2D image contains the whole information in the corresponding view. On
the basis of this assumption, we employ a novel mesh pruning strategy constrained by 2D
holes to restore the correct mesh topology during the global shape recovery stage. Another
key idea of this paper is to use an extended patch extract module to make the framework
transition naturally from global to local, and then design a dual-branch refinement block
composed of FAGCN [27] to fine-tune the high-frequency and low-frequency parts. The
dual-branch local refinement structure can adaptively utilize features of different frequen-
cies so that the high-curvature branch can utilize maximally high-frequency information
while the low-curvature branch suppresses high-frequency features. To ensure the visual
effect of the local mesh, we simultaneously design a local loss suitable for optimization
on the local patch. Finally, quantitative and qualitative experiments demonstrate that the
proposed method outperforms existing methods.

The contributions of this paper can be summarized as follows:

1. We propose a framework for single-view mesh reconstruction that transitions from
global to local, combining the advantages of MLP and GNN and mitigating the
over-smoothing caused by deep GNN.

2. We propose a new strategy for mesh pruning under the constraint of 2D holes that
overcomes the limitation of the 0-genus template by combining hole contour informa-
tion from 2D images to perform adaptive mesh topology correction.

3. We facilitate fine-tuning of parts with different curvatures by separating the high- and
low-frequency parts of the mesh and learning the corresponding mapping functions
on the local extension patches of the high and low frequencies.

4. We designed a series of experiments to demonstrate the superiority of the proposed
method in topology correction and detail reconstruction over the existing methods.

2. Related Work

Contrary to methods that employ multi-view stereo geometry [28–31], single-view 3D
reconstruction is an ill-posed problem and still faces many challenges. With the success
of deep learning, a large body of literature began to study the use of deep learning to
reconstruct 3D objects from a single colorful image. Existing deep learning-based single-
view 3D reconstruction methods can be categorized into four types based on their decoder
output representation: implicit function representation [4–7], voxel representation [8–11],
point cloud representation [12–14], and mesh representation [15–22]. In this section, we
will conduct a literature review of these different methods.

2.1. Implicit Function Representation

The implicit function-based method [4–7] represents the object surface as a continuous
field, enabling the generation of high-quality 3D forms. In order to make the object
shape present excellent visual effects, Chen et al. [4] designed a binary classifier as the
decoder to predict if a point is within the mesh. Different from Chen, Mescheder et al. [5]
proposed an occupancy network to learn the continuous decision boundary, capable of
generating high-resolution 3D meshes. Xu et al. [6] combined local and global features
to predict the signed distance function, while the visual effect is better in regions that
are thin or holey. Different from other methods, Chen et al. [7] subdivided the spatial
hierarchy into multiple convex sets through binary space partitioning, which can well
reconstruct structures such as sharp corners. Although methods using implicit function
representation can produce precise shapes, these methods must perform expensive post-
processing algorithms such as the marching cube algorithm [24] to extract meshes before
they can be used in practical applications.

2.2. Voxel Representation

The voxel-based method [8–11] directly generates the voxel occupancy of 3D space.
3D-R2N2 [8] used a 3D recurrent neural network to unify the correspondence between
single and multiple images into 3D voxels. In [10], a differentiable ray consistency term
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was proposed to improve single-view reconstruction tasks. Wu et al. [11] introduced shape
priors to overcome 2d-to-3d ambiguity. However, the expensive memory requirements
and computation time of 3D CNN limit the resolution of reconstruction results. A recent
study [9] proposed using the octree structure to reduce the memory occupation of 3D
convolution to a certain extent; however, it still could not achieve a satisfactory resolution.

2.3. Point Cloud Representation

As a simple and popular explicit representation method, point clouds have been
widely used in many fields. Fan et al. [12] were the first to demonstrate the potential
and expressiveness of point clouds. Jiang et al. [13] further introduced a geometric ad-
versarial loss to improve the expressiveness of point clouds. Contrary to other methods,
Zhao et al. [14] proposed a coarse-to-fine framework to generate high-fidelity point clouds.
However, despite the advantages of simplicity, flexibility, and small memory, point clouds
lack the ability to capture the connectivity between points and therefore cannot generate
smooth and continuous surfaces.

2.4. Mesh Representation

The mesh representation has been widely used due to its ability to represent fine
surface details at smaller data scales. Most existing mesh-based methods rely on mesh
deformation techniques. Jack et al. [15] proposed a method that recovers 3D objects from a
single image by deforming a template mesh. Pixel2mesh [16] reconstructed meshes from a
single RGB image by using the graph unpooling layer from coarse to fine. Different from
previous methods, Geometrics [19] improved the fine-grained details of meshes by using
adaptive subdivision and zero-neighbor GCN. In [32], an effective adversarial domain
confusion method was proposed to solve the pose-disentangled problem. Yi et al. [22]
proposed a novel visual attention-guided network called Vanet, which handles the 3D
reconstruction problem of single-view and multi-view simultaneously under a unified
framework. However, these methods are limited by the topology of the initial template
mesh, making it difficult to handle objects with complex topologies. To address this issue,
Pan et al. [18] proposed an adaptive topology correction strategy to achieve correct topology.
However, this method may be less effective for uncommon and small holes. Shi et al. [21]
introduced mesh editing and a geometry structure extractor to facilitate mesh topology
correction and improve fine-grained details. Tang et al. [20] improved the reconstruction
of objects with complex topologies by adopting shape skeletons; however, their method
cannot be trained end-to-end.

3. Method

In this chapter, we describe the complete pipeline for mesh reconstruction from a
single image. Meanwhile, we detail the important components of the proposed method as
well as its motivation.

3.1. Overview

Our goal is to recover smooth meshes with complex topology and fine details from
a single RGBA image. In this paper, the mesh is represented as a graph G = (V, E, F),
where V =

{
vi ∈ R3}N

i=1 is the set of N vertices of the mesh. E is the set of directed
edges connecting adjacent vertices, and F is the set of faces of the mesh. We gradually
fit the target surface S by deforming a 0-genus sphere mesh G0 by using a progressive
structure, where the template G0 has 2562 vertices. Our pipeline is depicted in Figure 3, and
we adopt an encode-decode architecture that transitions from global to local. The whole
framework consists of the following five parts: image feature extractor, deformation block,
pruning module, extend patch extract module and local refinement module. The image
feature extractor maps the RGBA image I to the latent layer vector h, and the MLP-based
global deformation block performs topological deformation on G0 to generate a coarse
mesh. Notably, we use a mesh pruning module under 2D hole constraints during the
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global deformation stage to generate meshes with complex topologies. Next, we use an
extended patch extract module to separate the coarse mesh into sets of high-curvature local

patches Gh
sub =

{
gh

i

}n

i=1
and sets of low-curvature local patches Gl

sub =
{

gl
i

}n

i=1
. gh

i and gl
i

represent the i-th high-curvature and i-th low-curvature patches, respectively. Meanwhile,
the frame transitions from global shape recovery to local refinement. Finally, we utilize the
dual-branch local refinement module to perform fine-tuning.
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3.2. Image Feature Extractor

As shown in Figure 3, we employ ResNet-18 [33] to create an image feature extractor
that accepts RGBA images I ∈ R224×224×4 as input and extracts 1024-dim global feature
vectors hg. As a high-level semantic feature, hg contains the global shape information of
the object to be reconstructed. In addition, we believe that shallow features contain more
information, such as textures, which play an important role in recovering detail. Therefore,
different from other methods [16,34], we use the camera parameters to project the mesh
vertex coordinates to the shallow feature maps (f1_1, f2_2, f3_2) of ResNet-18 and calculate
the bilinear interpolation on the feature map projection points to extract a 256-dim local
feature vector hl . Finally, we concatenate hg and form a 1280-dim feature vector h.

3.3. Global Deformation Block

In some methods [16,29] of forming deformed blocks by graph convolution, we found
that these methods often adopt a deep structure to obtain a relatively large receptive field,
which causes the problem of over-smoothing [26,35,36] and hinders the generation of
fine-grained mesh. Therefore, we choose to use the MLP deformation block similar to that
used in Atlasnet [37] to generate a coarse mesh, which can reduce the number of layers in
GCN. The global deformation block consists of five shared MLPs of sizes 1024, 512, 256,
128, and 3, with BN layers and ReLU on the first four layers and then activation on the
output layer. We concatenate the vertex position V of the mesh G0 as a position encoding
with the feature h to freely deform G0 using the global deformation block. In particular, we
regress vertex coordinates in the first deformation block and vertex offsets in the second
deformation block.

3.4. Pruning Module

In order to generate meshes with the correct topology, we prune the mesh under 2D
hole constraints between the two deformation blocks. As shown in Figure 4a, the proposed
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estimator under the contour constraint takes G and the α channel of image I as input and
returns the index of the pruning surface. Specifically, the estimator performs a boundary
tracking algorithm [38] on the α channel of the input image I to detect the location of
holes. Further, we use 0 to represent the non-hole area on the 2D plane and assign different
values to the pixels at different hole positions to make the hole feature map. The estimator
collects 2D hole features fhole corresponding to V through a camera matrix and bilinear
interpolation. Since the 2D hole constraint only works in the visible case, an error estimate
module of TMNET [18] is introduced as a complement in the case where the holes are not
visible. In order to save training time, we use the whole feature map of the corresponding
view prepared in advance in actual training.
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The structure of the estimator under 2D hole constraints, where condition a is that e > τ or fhole > 0 of
any point, and condition b is that the fhole of the three vertices of the face are equal and not 0 or e > τ.

The entire pruning procedure is depicted in Figure 4b. We noticed that the coarse
meshes generated by the deformed blocks tended to be sparse in the hole region. Therefore,
two loop subdivisions [39] are performed on the pruned surface to distinguish between
pruned and unpruned regions. In order to locate the subdivision area, the first estimator
uses the sampling point Vs as the input point and determines the subdivision face according
to condition a (see Figure 4). To prevent erroneous pruning, the second estimator input
point is the mesh vertex V, and the face to be pruned is determined according to condition b
(see Figure 4). Our method improves robustness by introducing the hole contour constraint,
which effectively handles holes with uncommon locations and small areas and requires
only one pruning operation to achieve the desired effect.

3.5. Extend Patch Extract Module

Dividing the overall mesh into small local patches is beneficial for graph convolution
to get rid of the influence of the features of distant irrelevant points, and the feature
frequencies of high-curvature and low-curvature parts are different. Based on the above
factors, we employ the extended patch extract module to generate local patch sets Gh

sub and
Gl

sub to learn the local details of different curvatures.
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Inputting the coarse mesh G generated in the previous stage, the extend patch ex-

tract module divides the mesh vertices into two seed point sets Vh =
{

vh
i ∈ R3

}n

i=1
and

Vl =
{

vl
i ∈ R3

}n

i=1
according to the curvature Q and the farthest point sampling (Q > t1

is a high-curvature point, Q < t2 is a low-curvature point). As shown in Figure 5a, the
extend patch extract module extracts the 5-hop neighborhood of the seed point as the basic
patch gb

i , and further retains the one-way edge from the 6-hop point to the 5-hop point
to form an extended patch ge

i , which can preserve the information of the connection and
promote mesh smoothing. Finally, according to the patch of the nearest point from any
point of the ground truth S to the Vs, we divided the corresponding Sh

sub and Sl
sub as the

supervision of patches.
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3.6. Local Refinement Module

In this section, we employ a dual-branch structure consisting of the local refinement
module to learn the corresponding fine-tuning mapping functions for high and low fre-
quencies, respectively. Each local refinement module consists primarily of FAGCN [27]
in order to allow the neural network to learn to adaptively filter parameters of different
frequencies. The FAGCN operators are as follows:

x′i = εx(0)i + ∑
j∈Ni

aij√
didj

xj (1)

aij = tanh(aT([xi||xj])) (2)

In Equation (1), x(0)i ∈ Rldim×1 is the initial feature of node i, ldim is the dimension of
the hidden layer, Ni is the neighborhood of node i, di is the degree of node i, and ε is a
scaling hyper-parameter limited to [0, 1]. Equation (2) shows the calculation method of
the attention coefficient aij, where || represents the concatenation operation, and aT is a
trainable parameter.

The structure of the local refinement module is shown in Figure 5b. Initially, we
map 1283-dim features to 1024-dim features using two linear layers with ReLU. To avoid
the negative effect caused by the entanglement of filters and weight matrices, we use
a linear layer with ReLU before the FAGCN operator to convert the initial features to
256 dimensions. Multiple cascading filters may result in a narrow passband. Therefore, we
add skip connections to ensure that the network can take advantage of features at various
frequencies. Since we learn on small-scale local graphs, we use 4 residual blocks instead of
a deeper GNN structure, which is sufficient to meet the requirements, thereby improving
the over-smoothing issue caused by a too deep GNN. Finally, we use a linear layer of
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Tanh layers to output the offsets of vertex positions. The high and low curvature parts are
treated differently by the two branches, resulting in different parameters learned by the
two branches. The low-curvature branch learns a low-pass filter to filter noise and maintain
smoothness, while the high-curvature branch learns a high-pass filter to restore details.
Notably, the loss at the two branch ports is calculated during training, but during inference,
the two types of patches are stitched to the original mesh using mean pooling, resulting in
a smoother mesh seam.

3.7. Loss Function

The loss function used consists of two parts: a global loss Lglobal and a local loss Llocal .
In Lglobal , we use chamfer distance as the primary loss function (see in [12]).

Lcd = ∑
x∈G

min
y∈S
‖x− y‖2

2 + ∑
y∈S

min
x∈G
‖x− y‖2

2 (3)

where x ∈ G and y ∈ S represent the set of points sampled from the generated mesh G and
ground truth S, respectively.

In this paper, similar to TMNET, we utilize the L2 loss as Lerror to train the error
estimation network [18]. In order to avoid severe self-intersection during the process of
global deformation and to improve the mesh’s smoothness, we employ the commonly
used geometric regularization term [16,40]. The normal loss Lnormal is used to maintain the
normal consistency between the generated mesh and the ground truth, and the smooth loss
Lsmooth is used to maintain a smooth target surface. The edge loss Ledge is used to penalize
overly long edges and prevent outliers.

The final global shape recovery loss Lglobal is as follows:

Lglobal = Lcd + Lerror + λ1Lnormal + λ2Lsmooth + λ3Ledge (4)

We use local loss Llocal to fine-tune local patches. Different from Lglobal , each item of
Llocal is calculated on the subgraph and the corresponding ground truth. Note that the
one-way edge of the extended patch is involved in the calculation of the regularization
term to maintain the smoothness of the seam. In addition, we introduce a move loss Lp

move
to penalize the points with excessive offset.

Lp
move = ∑‖vi − vi′‖

2
2 (5)

where vi and vi
′ are the vertices of subgraph g before and after fine-tuning, respectively.

The final local patch fine-tuning loss Llocal is as follows:

Llocal = L
p
cd + λ1L

p
cd + λ3L

p
edge + λ4L

p
move (6)

4. Result and Discussion

In this chapter, we evaluate the performance of the proposed method on the ShapeNet [1]
dataset. In addition to comparing with the SOTA (state-of-the-art, SOTA) model, we
evaluate the impact of individual components on the overall performance through ablation
experiments. Finally, we extended the proposed method to real-world datasets.

4.1. Experiment Settings

Dataset. We evaluated the proposed method on 13 core classes of the ShapeNet [1]
dataset. In this paper, we uniformly sampled 10,000 points on the surface of each CAD
(computer-aided design, CAD) [1] model as the ground truth. For a fair comparison, we adopt
the rendered images and corresponding camera parameters provided by Choy et al. [8]. The
data of each class is divided into a training set, a validation set, and a test set according to
the ratio of 70:10:20.
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Train details. To improve training stability, we adopt the staged training approach of
Pan et al. [18] to train each subnet separately and then fine-tune the entire network in an
end-to-end manner. In this paper, all experiments are performed on a workstation with an
Intel Xeon Gold 5218R CPU and an NVIDIA GTX 3090 GPU. We train the network using
the Pytorch framework and the Adam optimizer [41] (β1 = 0.9, β2 = 0.999). The framework
takes as input a 224 × 224 image I with a batch size of 32 and a spherical mesh G0 with
2562 vertices, and the number of local patches n = 8. We train for 300 epochs with a learning
rate of 1 × 10−3 and decay to 1 × 10−4 after 100 epochs. The hyperparameter values are
as follows: λ1 = 1 × 10−3, λ2 = 5 × 10−7, λ3 = 0.1, λ4 = 1 × 10−4. The pruning threshold
τ is set to 0.02, the curvature hyperparameters of the extend patch extract module are set
to t1 = 0.6, t2 = 0.2, and the scale ε of the FAGCN is set to 0.1. During training, the local
patch refinement module directly uses the output patches to calculate the loss, while in the
inference stage, the output patches are stitched to the overall mesh through mean pooling.

Evaluation Metric. In the paper, we evaluate the performance of the reconstruction
results by the chamfer distance [12] and the F-score [42] with a threshold of 0.001, which is
calculated between 10,000 sampling points in the generated mesh and the ground truth. The
smaller the Chamfer Distance (CD) value, the better, and the larger the F-score, the better.

4.2. Comparisons with the State-of-the-Arts

In this section, we compare the proposed method with SOTA models, including
Pixel2Mesh [16], Atlasnet [37], TMNET [18], and Vanet [22]. We measure the performance
of the proposed method by calculating the chamfer distance and F-score. However, the
existing quantitative indicators cannot fully reflect the reconstructed shape quality, so
we demonstrate the advantages of the proposed method in detail recovery and topology
correction by visualizing the reconstruction results.

Figure 6 demonstrates the visualization results. In this experiment, we aligned the
output results uniformly. As can be seen from Figure 6, Pixel2Mesh and Vanet are incapable
of reconstructing non-zero-genus objects and lack correct details in high-curvature parts,
while low-curvature parts are not sufficiently smooth. The reconstruction results of Atlasnet
suffer from severe self-intersection and cannot recover the correct topology (such as the
hole in the chair back). Benefiting from the application of the mesh adaptive pruning
strategy, TMNET can generate more complex topological structures; however, it is incapable
of handling holes with a small surface area or infrequent locations. Our method can
reconstruct more intricate topologies than TMNET and Atlasnet (such as holes in chairs,
benches, and tables). Moreover, the large results of our method are smoother than those
of other methods in areas with low curvatures, such as the chair’s seat surface and the
monitor’s screen, and have more detail in the lamp’s areas with high curvature.

We compare the performance of the proposed method and SOTA models quantitatively.
The results are shown in Table 1, and we use ∆ to denote the difference between the
quantitative results of our method and TMNET. It should be noted that methods such
as Pixel2Mesh reduce the shape by a factor of 0.57, which causes inconsistency between
our quantitative results and those obtained by these methods. In terms of CD and F-
score values, our method outperforms other methods in the majority of categories and
averages, with average CD and F-scores that are 0.418 and 3.20 better than the state-of-the-
art methods, respectively.

Quantitative and qualitative experiments demonstrate that the proposed method
outperforms other approaches. Benefiting from the mesh pruning strategy under the 2D
hole constraints, our method is able to reconstruct a more correct topology. Due to the
sparseness of point clouds, existing mesh pruning methods by learning point errors cannot
reconstruct holes with small areas, and it is difficult for neural network-based methods
to migrate to uncommon hole locations. Based on the experimental findings, our method
overcomes the above shortcomings. This is due to the fact that the 2D contour contains the
hole position information in this view, bypassing the limitation of point cloud sparsity, and
it is better for holes with smaller areas. In addition, the introduction of 2D hole contour as an
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absolute constraint can complement the shortcomings of the neural network, and holes with
uncommon locations can be determined through manual experience. Moreover, it is evident
from the results that our method is superior to others in its ability to handle the mesh’s
high and low curvature regions. By utilizing a dual-branch local patch refinement structure,
we address high- and low-curvature portions independently. Due to the differences in data
between the two branches, the parameters they learn are also distinct. The high-curvature
branch tends to learn a high-pass filter to preserve appropriate high-frequency details,
while the low-curvature branch learns a low-pass filter to filter out high-frequency noise
and make the part smoother. In addition, we also introduce skip connections and FAGCN
to adaptively achieve the balance of different frequencies. At the same time, points that are
too far away can easily affect the recovery of local details; hence, learning on local patches
can cut off message passing and avoid the interference of irrelevant points and the problem
of neighbor explosion [43].
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Table 1. Quantitative comparisons (CD × 0.001, F-score × 0.01) of our method against state-of-the-
arts. For CD, the smaller the better. For F-score, the higher the better. ∆ represents the difference
between our method and TMNET.

Category
CD F-Score

Pixel2mesh Atlasnet TMNET Vanet Ours ∆ Pixel2mesh Atlasnet TMNET Vanet Ours ∆

plane 2.547 1.539 1.325 2.317 0.912 −0.413 76.93 89.45 87.79 79.31 93.78 5.99
bench 2.833 2.112 2.042 2.874 1.768 −0.274 74.46 79.71 81.82 70.45 88.03 6.21

cabinet 2.394 2.168 1.823 2.651 1.817 −0.006 78.17 79.47 79.10 76.74 80.53 1.43
car 2.035 2.427 1.592 2.789 1.092 −0.500 82.74 83.14 88.49 83.47 90.43 1.94

chair 2.771 1.731 1.726 2.510 1.238 −0.488 75.49 82.47 83.74 78.24 84.79 1.05
monitor 3.043 2.125 2.423 3.247 2.467 0.044 70.03 77.92 78.68 72.03 78.92 0.24

lamp 5.124 4.049 5.348 4.515 3.029 −2.319 62.36 66.22 67.48 64.54 74.21 6.73
speaker 3.574 3.026 3.276 3.724 2.929 −0.347 72.45 74.21 73.40 74.36 75.38 1.98
firearm 2.142 2.454 1.894 2.482 0.949 −0.945 83.79 83.76 86.27 83.50 93.22 6.95
couch 2.357 1.938 1.295 2.677 1.594 0.299 80.14 84.06 87.23 82.37 87.33 0.10
table 5.809 2.742 2.416 5.939 1.832 −0.584 65.48 79.47 81.63 67.64 86.65 5.02

phone 1.963 1.473 1.086 1.647 1.371 0.285 85.15 88.63 90.05 86.20 90.17 0.12
vessel 3.016 2.318 2.113 3.546 1.923 −0.190 79.31 80.21 82.94 79.41 86.77 3.83

mean 3.047 2.316 2.181 3.148 1.763 −0.418 75.88 80.67 82.20 76.79 85.40 3.20

4.3. Ablation Study

We divide the 13 classes of objects into those with holes (chairs, benches, and tables),
those with rich details (lamps, firearms, and watercraft), and the other classes. Table 2
displays the results of the ablation experiment. Removing the pruning component had the
greatest effect on the target with holes, increasing the CD value by 0.45 and decreasing
the F-score by 6.22. This shows that pruning components can improve complex structures.
When the local refinement part is deleted, it has the greatest impact on objects with rich
details; the CD value increases by 0.459, and the F-score decreases by 4.3. This shows that
the part improves more on objects with rich detail.

Table 2. Quantitative analysis of components. Without prune in the table means the model with
the pruned component removed, without refine in the table means the model with the local patch
refinement component removed.

Category
Chamfer Distance F-Score

Full Model Without Prune Without Refine Full Model Without Prune Without Refine

With holes 1.612 2.062 1.953 86.49 80.27 83.79
With details 1.967 2.041 2.426 84.73 85.14 80.46

others 1.740 1.852 2.075 85.22 84.96 81.51

Mean 1.763 1.944 2.128 85.40 83.91 81.79

Figure 7 is the corresponding visualization result. The result of the full model can
have the correct holes, and the visual effect is best on the high and low curvature parts.
The reason for the above experimental results is that the prune component can improve the
network performance by pruning the holes of the object, so the improvement of the network
is mainly concentrated on the objects with holes, and the local refinement component
adaptively handles the features of different frequencies. The improvement is evident for
both high and low curvature parts (especially high curvature parts).

We further analyzed the time consumption of the designed components. Table 3 shows
that the time required for pruning is 32.1 ms, and the time required for refining is 34.0 ms.
The time required for the full model to perform an inference is 51.9 ms, and the inference
speed of the model is acceptable.
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Table 3. Time complexity analysis.

Item Full Model Without Prune Without Refine

Time (ms) 51.9 32.1 34.0

4.4. Comparison of Different Network Layers

We compare the performance of the local refinement module under different network
layers. Table 4 shows the CD value and F-score value of local patch refinement under MLP,
GCN, and FAGCN. As can be seen from the table, the structure using FAGCN performs the
best, followed by GCN, and the worst using MLP.

Table 4. Comparison of different network layers.

Category
Chamfer Distance F-Score

MLP GCN FAGCN MLP GCN FAGCN

Mean 2.207 1.987 1.763 80.85 81.23 85.40

The worst performance of the network using the MLP layer is due to the fact that the
MLP does not use the structural information of the mesh, ignores the connection between
mesh points, and is not good at recovering mesh details. The effect of GCN is slightly better,
but since GCN is only equivalent to a low-pass filter, although it can effectively filter out
high-frequency noise, it cannot effectively utilize the high-frequency detail features of the
mesh. On the other hand, FAGCN can learn the filters of different frequency bands from
the data to adaptively utilize different frequency features, so it performs best.

4.5. Comparison between Basic Patch and Extended Patch

In this section, we explore the distinctions between a basic patch and an extended
patch. Figure 8 compares the visualization outcomes of utilizing two distinct network
patches. It can be seen that the visual effect of using the extended patch is better, while the
reconstruction result using the basic patch is very unnatural at the connection between the
patch and the mesh. This shows that the extended patch retains the one-way edge from the
mesh to the patch so that the network can learn useful information at the connection. At the
same time, a regularization term can also be applied to the connection to prevent abnormal
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points and self-intersections in the stitched mesh, making the connection smoother and
more natural.
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4.6. Comparison of Different Patches Size

In this section, we explore the effect of subgraph size on the performance of the
proposed method. Figure 9 shows the CD values of the network for various subgraph sizes.
When K = 5, the CD value is the smallest, at 1.763. When K is less than 5, the patch gradually
shrinks as K decreases. As a result of the neural network’s inability to obtain sufficient
local data, the CD value exhibits a sharp upward trend, and the network’s performance
begins to deteriorate. However, when K is greater than 5, the CD value begins to exhibit a
slight upward trend as the patch size increases. This is because the patch is too large and
the network is affected by distant, irrelevant points, which degrades network performance.
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4.7. Comparative Experiments on the Pix3D Dataset

In this section, we evaluate the generalization performance of the proposed model
on real-world datasets. Specifically, we use the model trained on ShapeNet [1] to test the
Pix3D [2] dataset. Since the background of the real dataset will interfere with the effect of
reconstruction, we adopt the same method as TMNET [18], which uses a mask to manually
separate the reconstructed objects and uses padding and resize operations to resize the
image to a size of 224 × 224. Figure 10 shows the reconstruction results of our method,
AtlasNet reconstruction, and TMNET on the Pix3D dataset. Compared to AtlasNet and
TMNET, our method still handles objects with complex topologies well and is balanced
in high and low curvature regions. This shows that our method can be well extended to
real images.
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Our method can recover correct holes in real-world datasets because the pruning
strategy after introducing hole constraints can to some extent eliminate the limitations
of data-driven error estimation networks. This makes our method perform better than
TMNET on the untrained dataset.

5. Conclusions

In this paper, we propose a network framework for mesh reconstruction from a single
image. The framework utilizes a global-to-local structure that combines MLP and GNN.
Simultaneously, we propose a new grid pruning strategy under the 2D hole constraint,
which overcomes the limitation of the 0-genus template. Then, the network is transitioned
from global to local by an extended patch extraction module, and the high and low fre-
quency local meshes are fine-tuned using a two-branch frequency adaptive local refinement
structure to obtain a smooth mesh with rich mesh details. The method achieves the best
quantitative results with a CD of 1.763 and an F-score of 85.40 on the ShapeNet dataset.
Compared with other methods, our method can deal with holes with small areas and
infrequent locations. Additionally, our method accurately restores details in high-curvature
parts while maintaining the smoothness of low-curvature parts. However, it is difficult
for our model to reconstruct objects with occlusions. Occluded images have semantic
ambiguity, making it difficult for existing methods to reconstruct the occluded parts. In the
future, we will explore the introduction of symmetry priors to improve the performance of
3D reconstruction networks.
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