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Abstract—Deep learning techniques have proven effective in many applications, but these implementations mostly apply to data in

one or two dimensions. Handling 3D data is more challenging due to its irregularity and complexity, and there is a growing interest in

adapting deep learning techniques to the 3D domain. A recent successful approach called MeshCNN consists of a set of convolutional

and pooling operators applied to the edges of triangular meshes. While this approach produced superb results in classification and

segmentation of 3D shapes, it can only be applied to edges of a mesh, which can constitute a disadvantage for applications where the

focuses are other primitives of the mesh. In this study, we propose face-based and vertex-based operators for mesh convolutional

networks. We design two novel architectures based on the MeshCNN network that can operate on faces and vertices of a mesh,

respectively. We demonstrate that the proposed face-based architecture outperforms the original MeshCNN implementation in mesh

classification and mesh segmentation, setting the new state of the art on benchmark datasets. In addition, we extend the vertex-based

operator to fit in the Point2Mesh model for mesh reconstruction from clean, noisy, and incomplete point clouds. While no statistically

significant performance improvements are observed, the model training and inference time are reduced by the proposed approach by

91% and 20%, respectively, as compared with the original Point2Mesh model.

Index Terms—Geometric deep learning, mesh, classification, segmentation, feature selection

Ç

1 INTRODUCTION

DEEP learning has achieved superb results in different
applications such as classification, regression, object rec-

ognition, etc. [2]. In most cases, deep learning algorithms are
applied to 2D data (images) or 1D data (text, audio. etc.).
Recently, there has been an increasing interest in applying
these techniques to 3D shapes, which constitutes a signifi-
cantly harder task due to the complexity and irregularity of
the data. There have been multiple approaches to apply
deep learningmodels on different representations of 3D data
such as 2D projections, voxel grids, point clouds, etc. [3].
Recently, Hanocka et al. proposed MeshCNN [1], a convolu-
tional neural network (CNN) based model that produced
state-of-the-art results in classification and segmentation of
3D shapes. The authors of this method designed convolu-
tional and pooling operators that take into account the
connectivity of themesh. They proposed an edge-based archi-
tecture in which the input consists of features extracted from
the edges of themesh and their neighbors.

One of the main limitations of MeshCNN is that it can
only be applied to edges of geometric meshes. While this
does not constitute a problem for some tasks (e.g., classifica-
tion of the whole shapes), it can become an issue when the

task is to focus on a different primitive of the mesh. For
instance, deforming the edges or faces of a mesh is not as
trivial as deforming its vertices due to the connectivity
within the shape. Thus, a vertex-based approach would be
desirable in a generative problem in which different types
of primitives need to be modified. A different example can
be a specific project that requires segmentation of faces or
vertices of a mesh instead of the edges. While the input
and output of MeshCNN can be adapted in all of these
cases to intermediate edge-based representations, it is
desirable to have networks that can directly handle these
primitives.

The main goal of this study is to design two alternative
implementations of mesh convolutional networks that can
be applied to faces and vertices of a triangular mesh
directly while preserving or improving the performance of
the original network. Specifically, we propose two novel
architectures for mesh convolutional neural networks that
can be applied directly to the faces and vertices of a mesh.
To achieve this goal, we modify three main operations of
MeshCNN including feature extraction, neighborhood
selection, and pooling. The main contributions of this
study are a face-based and a vertex-based mesh convolu-
tional neural networks that can be applied directly to the
faces and vertices of the mesh, respectively. The remainder
of this paper is organized as follows. Section 2 provides a
review of the relevant literature. Section 3 describes in
detail the methodology followed in the design of our net-
works. Section 4 compares the proposed model with the
original edge-based MeshCNN. Section 5 includes a case
study that shows how our vertex-based approach performs
better in a generative task. Finally, Section 6 discusses the
results obtained, and Section 7 draws conclusions from the
study.
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2 RELATED WORK

2.1 Geometric Deep Learning

Deep learning models have achieved superb results in many
different applications when applied to 2D data such as

images or 1D data such as text or audio. This type of data has

a grid-like (i.e., euclidean) structure that makes it very suit-

able to be fed to models like multilayer perceptrons (MLPs)

or CNNs. Recently, there has been an increased interest in

applying deep learning models to non-euclidean domains

such as graphs, molecules, or 3D shapes. This field is known

as geometric deep learning [4].
The term geometric deep learning covers a wide variety

of topics. In this paper, we are exclusively interested in
deep learning models applied to 3D shapes. One of the first
approaches to apply deep learning models to 3D shapes
consisted of rendering views of the models from different
angles and positions and applying them to traditional 2D
models such as CNNs [5], [6]. Another exploratory tech-
nique consisted of feeding the models with 3D voxel grids
that are analogous to deep image representations in 2D [7],
[8], [9]. While these techniques have the advantage of
directly using deep learning models that have proven suc-
cessful in the 2D domain, they do not make use of the geom-
etry or connectivity information of the 3D shapes, and their
computational complexity is often extremely high.

Another direction of geometric deep learning focuses on
designing deep learning models that can work with point
clouds. One of the most popular implementations that fol-
low this approach is PointNet [10]. The authors of this
method proposed a network in which a shared MLP layer
(i.e., a 1x1 convolution) was applied per vertex to obtain the
high-level representations, and a global pooling layer was
added at the end of the network to guarantee invariance to
the order of the points. An improvement of this model
referred to as PointNet++ was proposed by the same team

to use the closest neighbors of a vertex as additional infor-
mation in the model [11]. A similar network was proposed
in [12], but in this case, the neighborhood information was
dynamically updated per layer based on the distance in the
feature space. While these networks benefit from using the
geometry information of the 3D shapes, the actual connec-
tivity between the vertices was not fed to the models.

Other works focused on the design of models that can be
fed with the connectivity of the shapes. A common tech-
nique extracts the Laplacian of the graph representation
and operates on the spectral domain of the mesh [13], [14],
[15]. The main limitation of this approach is that it generally
requires the meshes fed to the model to have a fixed topol-
ogy, which limits its applicability to cases where all meshes
have exactly the same connectivity. Other approaches
attempted parameterizing the 3D mesh to a 2D space [16],
[17]. However, parameterizing 3D shapes is an arduous pro-
cess, and, similar to the methods that deal with multi-view
and voxel representations, the networks in these approaches
do not adapt specifically to the mesh structures. To over-
come these issues, a model known as MeshCNN was
recently proposed by [1]. The authors of this method
designed convolutional and pooling operators that took
into account the connectivity of triangular meshes. They
proposed an edge-based architecture in which the input
consists of features extracted from edges and their neigh-
bors. This method produced state-of-the-art results in classi-
fication and segmentation of 3D meshes, and it has been
successfully adapted for other tasks such as subdivision
[18], generation of geometric textures [19], and point cloud
to mesh translation [20]. Section 2.2 describes in greater
detail the design of this approach. It is worth mentioning
that MeshCNN is not the only deep learning model that can
directly take geometric meshes as input. For instance, a
method known as MeshWalker [21] can process a 3D mesh
by randomly ”walking” through vertices of the mesh to

Fig. 1. MeshCNN [1] successfully performs classification and segmentation on the edges of geometric triangular meshes (a). We propose two novel
and alternative implementations that operate on the faces (b) and vertices (c) of the meshes for classification and segmentation.
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extract features for classification and segmentation. RigNet
[22] computes edge features from a mesh that are subse-
quently fed to a MLPmodel for character rigging. In [23], the
authors propose an attention-basedmodel that takes features
from both edges and faces of geometric meshes for classifica-
tion and segmentation. Other related work in which deep
learning models are fed with geometric meshes for various
applications include extracting rotation-equivariant features
that are fed to a harmonic network [24], feeding the models
with the curvature of the meshes [25], [26], or simulating dif-
fusion and computing spatial gradients [27].

2.2 MeshCNN

The architecture of a MeshCNN network [1] for classifica-
tion is shown in Fig. 2. First, a set of invariant features is
extracted from the triangular mesh. This representation is
fed to a combination of mesh convolutional and pooling
layers, which is then followed by a max pooling operation
to obtain a global feature representation invariant to the
order of the primitives. Finally, the global feature is fed to
an MLP model for shape classification. For the task of seg-
mentation, the authors propose a U-Net style network
where the MLP model is substituted by a reversed version
of the convolutional and pooling layers. MeshCNN has
three unique operations that make it different from a con-
ventional CNN: feature extraction, neighbor selection in the
convolutional layer, and mesh pooling. In this paper, we
propose two novel implementations in which each of the
operations is modified so that they can be fed with faces
and vertices of a mesh. This subsection provides a summary
of each of the operations of the original network.

MeshCNN is fed with features extracted from the edges
of meshes. To extract these features, the authors take advan-
tage of the constant neighborhood of the edges in a water-
tight manifold triangular mesh, where each edge is always
adjacent to two faces, and thus four neighbor edges. This is
illustrated in Fig. 3a. Once this neighborhood is established,
for each edge, MeshCNN extracts the inner angles in the
adjacent faces (a1;a2), the dihedral angle between the faces
(b), and two edge ratios between the length of the edge and
the length of the perpendicular vector in each face. These
features are invariant to similarity transformations, i.e., if a
mesh is translated, rotated, or scaled, the values of these fea-
tures will remain the same.

Then, the authors combine the extracted features of each
edge with the features of its neighbors. This is similar to
how CNNs operate in images, in which the convolutional
kernels are applied to a pixel and its neighbors. Specifically,
the neighbors of each edge are defined as the remaining
edges of the edge’s adjacent faces. To further ensure invari-
ance in the convolutions, the authors apply a set of symmet-
ric operations to the edge’s neighbors as shown in Fig. 4a,
where e0 is the selected edge and e1, e2, e3, and e4 are the
selected neighbors.

Finally, the authors propose a pooling operation follow-
ing the principles of edge collapse [28], in which edges with
lower activations from the previous convolutional layer are
pooled first. Therefore, the network is able to effectively
learn simplified representations of the raw data. Following
this method, an edge is collapsed into a vertex, and the four
neighbors of the edge are merged into two resulting edges
(one per adjacent face) as shown in Fig. 5a.

Fig. 2. MeshCNN network for classification of geometric triangular meshes.

Fig. 3. Feature operators for the original implementation of MeshCNN (a) and our proposed face-based (b) and vertex-based (c) architectures.
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3 METHODOLOGY

Our proposed face-based and vertex-based networks follow
the same aggregation and convolutional principles of
MeshCNN. Specifically, the input of the network is com-
bined in a feature tensor with dimensions nf � np � ð1þ
nnÞ, where nf is the number of features, np is the number of
primitives (face or vertex) and nn is the number of neigh-
bors per primitive. This input tensor can then be passed
through the CNN using general matrix multiplication oper-
ations. While this part of our networks does not change
with respect to MeshCNN, we completely redesign each of
the operations to aggregate and process the data so that the
network can be applied to faces and vertices of triangular
meshes. The following subsections discuss each implemen-
tation proposed in this study.

3.1 Face-Based Architecture

3.1.1 Features

Fig. 3b shows the feature operators for our proposed face-
based network. For each face, we need to select a set of fea-
tures that are invariant to similarity transformations.
Inspired by the original edge-based implementation of
MeshCNN [1], we take advantage of the constant neighbor-
hood of the face in a watertight manifold triangular mesh,
where a face is adjacent to three other faces. With this in
mind, we define a set of invariant features that are relative
to the three neighbors of each face. Fig. 3b shows the
extracted features. Specifically, for each face, we extract the
three angles of the face (a1;a2;a3), the three dihedral angles
between the face and its neighbors (b1;b2;b3), and three
ratios between the area of each neighbor and the area of the

face. These features can be considered analogous to the
edge-based features of the original MeshCNN implementa-
tion (Fig. 3a), but adapted to faces.

3.1.2 Neighborhood

The neighborhood selection of our proposed face-based
implementation is depicted in Fig. 4b. For each face, we
select the three faces that share an edge with it as the primi-
tive’s neighborhood. Then, we combine the features of the
selected neighbors with a summation operation so that the
selection order of the neighbors is invariant within the net-
work. The symmetric operation (summation) is selected
empirically as demonstrated in Section 4.1.

3.1.3 Pooling and Unpooling

Different from [1], the activations of the convolutional layer
in our face-based network do not relate directly to the edges
of the mesh. Instead, the activations correspond to the faces
of the mesh. Incremental decimation of faces from a geomet-
ric mesh is particularly complicated and it easily leads to
bad connectivity in the decimated mesh. Generally, it is pre-
ferred to keep the decimation simple by removing smaller
parts of the mesh such as edges or vertices [29]. To over-
come this challenge, the edges to be pooled are selected by
looking at the activations of their two adjacent faces. Specifi-
cally, the network selects the edges in which the combina-
tion of the activations of its adjacent faces contributes the
least to the network’s objective. As in [1], the activations of
the primitives are determined by computing ‘2-norm of
their corresponding feature vector. Fig. 5b shows the pool-
ing operation in our proposed face-based implementation.

Fig. 4. Neighborhood operators for the original implementation of MeshCNN (a) and our proposed face-based (b) and vertex-based (c) architectures.

Fig. 5. Pooling operators for the original implementation of MeshCNN (a) and our proposed face-based (b) and vertex-based (c) architectures.
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The red faces in the diagram represent the faces with the
lowest activations in the previous convolutional layer. The
edge collapse operation is performed so that both faces are
removed, and the features of the resulting neighbors (in
blue) are computed as the average between their feature
values and the values of the collapsed faces.

Unpooling is required in certain networks, such as the U-
Net style networks used for segmentation. The unpooling
operation is the inverse of pooling, and it is used to upsam-
ple and recover the previously pooled data. We implement
unpooling layers by recovering the previously pooled faces
in a way that is similar to [1]. Specifically, we keep track of
the primitives removed in each pooling layer and match
each unpooling layer with a pooling layer. Then, the
unpooling layer recovers the faces that had been previously
pooled. The features of the new unpooled faces (red faces in
Fig. 5b) are computed as the average of its neighbor faces
(blue faces in Fig. 5b).

3.2 Vertex-Based Architecture

3.2.1 Features

The vertices of a mesh contain the geometric information of
the shape, as well as other optional information such as tex-
ture coordinates, normals, or colors. For the purposes of this
study, we assume that every vertex only contains 3D coordi-
nates (x; y; z) of the shape. Two vertices of a mesh are con-
sidered neighbors (within a 1-ring neighborhood) if they
share an edge. Unlike faces and edges, a vertex can have
any number of neighbors, which makes defining a constant
neighborhood such as the one in [1] (Fig. 3a) computation-
ally impossible. To overcome this, we use the curvature of
each vertex as its invariant input features. Specifically, we
extract the mean curvature and Gaussian curvature of each
vertex.

Mean curvature is the average of the two principle curva-
tures (maximal curvature and minimal curvature) of a sur-
face at a certain point [29]. The absolute mean curvature H
at a vertex vi can be calculated as shown in Equation (1),
where DfðviÞ is the Laplace-Beltrami operator of vertex vi.

HðviÞ ¼ 1

2
jjDfðviÞjj (1)

The Laplace-Beltrami operator is a generalization of the
Laplace operator to functions on surfaces [30]. The Laplace-
Beltrami operator at vi can be computed as shown in Equa-
tion (2), where Ai is the sum of the area of the faces adjacent

to vi, N 1ðviÞ is the 1-ring neighborhood of vi, and ai;j and
bi;j are the opposite angles of the adjacent triangles to edge
ði; jÞ, as shown in Fig. 6. This equation, which has been uti-
lized in different applications [31], is considered to be the
most popular discretization of the Laplace-Beltrami of a
geometric mesh, and it provides a discrete approximation
of the mean curvature of vertex vi [29].

DfðviÞ ¼ 1

2Ai

X

vj2N 1ðviÞ
ðcotai;j þ cot bi;jÞðfj � fiÞ (2)

The Gaussian curvature of a surface at a point is the
product of the principal curvatures (maximal curvature and
minimal curvature) at the given point [29]. The Gaussian
curvature at a vertex vi can be discretized using Equation (3),
where uj corresponds to the angles of the incident triangles
of vertex vi, as shown in Fig. 6. This discretization of the
Gaussian curvature was proposed in [32].

KðviÞ ¼ 1

Ai
2p�

X

vj2N 1ðviÞ
uj

0
@

1
A (3)

The discrete operators H and K define the curvature of a
vertex, and they are completely invariant to similarity trans-
formations, which makes them good candidates for features
of our vertex-based network.

3.2.2 Neighborhood

Different from edges and faces, defining a constant neigh-
borhood for a vertex is non-trivial. In this case, we cannot
know beforehand the exact number of neighbors per vertex.
If the features of all neighbors were to be included in each
vertex, vertices with a greater number of neighbors would
have more data than those with a smaller number of neigh-
bors. This can cause the neural network to give more weight
to some vertices than others, which can negatively affect the
accuracy of the neural network. To avoid this, we select the
N closest neighbors of a vertex as its neighborhood and
include their features in the input representation sorted
from closest to farthest. If a vertex has less than N neigh-
bors, we set the features of the remaining neighbors as zero.
In other words, Ni ¼ minðN; jN 1ðviÞjÞ for a vertex vi. Fig. 4c
depicts the neighborhood selection method for our vertex-
based approach when the number of neighbors is set to
N ¼ 6.

3.2.3 Pooling and Unpooling

Fig. 5c shows the pooling and unpooling operations in our
vertex-based network. Similar to the face-based approach,
we combine the (vertex-based) activations (i.e., ‘2 norm of
the feature vector) of the previous convolutional layer per
edge and pool the edges that have the smallest combined
activations. In this case, two vertices (red in Fig. 5c) are
pooled into one vertex (blue in Fig. 5c), and the features
of the pooled vertex are computed as the average between
the features of the unpooled vertices. If the network has
unpooling layers, each of them is connected to a pooling
layer so that the same collapsed vertices are recovered.

Fig. 6. Quantities used in the discretization of the mean and Gaussian
curvatures.
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4 RESULTS

In this section, we present the results obtained in different
tasks and compare them with the original implementation
of MeshCNN [1]. First, we present hyperparameter optimi-
zation results for the proposed networks. Then, we compare
our proposed models with the original implementation of
MeshCNN for the tasks of classification and segmentation
of different datasets.

4.1 Hyperparameter Optimization

4.1.1 Face-Based Architecture

We carry out two experiments to determine the best configu-
ration for selecting the neighbor information in the kernels of
our proposed networks. First, we perform an experiment to
determine the symmetric functions that are applied to the
primitive’s neighborhood in the face-based network. To do
this, we utilized six different symmetric operations to com-
bine the features of the 3 neighbors of a face (f1; f2; f3). The
operations are listed in the first row of Table 1. We train a
face-based network for classification using all the possible
concatenations of operations. Table 1 reports the testing
accuracies for the five best and worst experiments. For more
details, we include the results of all our experiments (64 dif-
ferent combinations) in Appendix A, which can be found on
the Computer Society Digital Library at http://doi.
ieeecomputersociety.org/10.1109/TVCG.2021.3129156.
Generally, we observe that using non-linear symmetric oper-
ations negatively affects the performance of the network.

Looking at Table 1, it can be seen that the option that pro-
duces the best results is including the features of the face
neighbors in a single summation operation. Based on these
results, we establish that the best neighborhood configura-
tion for the face-based network is to only include the sum-
mation operation. The remaining results reported with the
face-based architecture follow this design.

4.1.2 Vertex-Based Architecture

We carry out an experiment to determine the optimum
number of neighbors for the vertex-based network. As
explained in Section 3.2, the number of neighbors for a ver-
tex is not constant within the mesh, and to tackle this issue,
we include theN closest neighbors of the vertex in the input
of the network. To guarantee invariance in the network, we

include the features sorted from closest to farthest within
the neighborhood, which serves as the symmetric operation
of this implementation. Fig. 7 reports the classification accu-
racies using different values of N . It can be seen that while
the difference is not very large by different values of N , the
best results are obtained when N ¼ 6, which is also the
average number of vertex neighbors in a manifold mesh
[29]. We set N ¼ 6 in our experiments.

4.2 Classification Results

Wedesign and train edge-based, face-based and vertex-based
networks for classifying the twodatasets included in the origi-
nal paper of MeshCNN [1]: SHREC and Engraved Cubes. In
every case, the edge-based network is designed using the
same parameters as in the original implementation. The face-
based and vertex-based networks are designed using the
same parameters with some minor modifications. Specifi-
cally, the convolutional filters are slightly changed so that the
number of trainable parameters is roughly the same in all net-
works, and the pooling resolution is changed in each imple-
mentation so that, in each pooling layer, the number of
resulting primitives is roughly the same. Additionally, we
apply data augmentation to the training set following the
same configuration as that in the edge-based implementation
[1]. Specifically, we augment the training data with 5% edge
flips and 20% slide vertices.

4.2.1 SHREC

We evaluate the design of our face-based and vertex-based
networks on the task of classifying different splits of the

TABLE 1
Testing Accuracies of the Face-Based Network on the SHREC6 Dataset With Different Concatenations of Neighborhood Operators

f1 þ f2 þ f3 jf1 � f2j þ jf1 � f3j þ jf2 � f3j f1 � f2 þ f1 � f3 þ f2 � f3 f1 � f2 � f3 f21 þ f2
2 þ f2

3 f3
1 þ f3

2 þ f3
3 Test

Accuracy
X 95.00%
X X 92.38%
X X 80.24%

X 80.24%
X X X 77.86%

...
X X X X 9.52%
X X 9.29%
X X X X X 8.81%

X X X X X 8.33%
X X X 8.10%

The order of the experiments is presented from highest to lowest testing accuracy. Only the 5 best and worst experiments are reported.

Fig. 7. Mean testing accuracies in the SHREC6 dataset using different
number of vertex neighbors (N).
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SHREC dataset [33]. This dataset contains closed two-mani-
fold meshes divided into 30 different classes. Each class in
the dataset contains 20 meshes with a similar number of
primitives but different topologies. A split in this dataset
refers to the number of training samples per class. We com-
pute 5 different splits with 1, 3, 6, 10, and 16 training sam-
ples per class. For each split, we perform 5 different
experiments and show our results in Table 2 in the form of
meanstd. Our experimental results show that our two net-
works perform significantly better than the original
approach proposed by [1], which constituted the previous
state of the art in this dataset. Generally, the face-based net-
work is the one that produces the best results, especially for
the splits with less training data.

4.2.2 Engraved Cubes

The authors of the original edge-based implementation of
MeshCNN [1] produced their own dataset to further evaluate
their model in a classification task. Their dataset, referred to
in this study as ”Engraved Cubes”, consists of a set of cubes
with shallow icon engravings divided into 23 classes.We train
and test the original implementation and our proposed face-
based and vertex-based networks in 5 different splits of this
dataset. For each split, we perform 5 different experiments
and report our results in the form of mean�std in Table 2. It
can be seen that the results on this dataset are very similar
across all the implementations of MeshCNN. We believe that
this happens due to the simplicity of this dataset.

The last two columns of Table 2 list the classification
accuracies reported in recent work of [23] and [21]. It can be
seen that all performances are comparable except the one
on Engraved Cubes by the model in [23], which is 5% lower.
It is worth noting that these classification accuracies are
directly from the original papers and we did not repeat their
experiments with our data splits. Additionally, these meth-
ods did not report the standard deviation of their experi-
ments and it is difficult to have a statistical comparison. In
the future, we plan to conduct a comprehensive comparison
study of our models with other related work.

4.3 Segmentation Results

We evaluate our proposed implementation on a segmenta-
tion task using the same datasets evaluated in [1]. These

datasets include segmentation labels per edge, but the out-
put of our approaches is face-based and vertex-based. To
overcome this, we modify the segmentation labels for each
dataset and implementation accordingly. As in Section 4.2
we design our networks so that the number of trainable
parameters is roughly the same and so that the pooled prim-
itives are proportional to the edge-based implementation.

4.3.1 COSEG

The COSEG dataset contains three different subsets of
meshes with models of aliens, vases, and chairs [34]. The
original versions of these datasets contain 170, 250, and 330
samples for training, respectively. We generate our own
splits of the datasets using the original number of training
samples and then decreasing it to 100, 50, 10, and 1. For each
number of samples, we compute 5 different splits for a total
of 25 experiments per dataset. The mean test accuracies for
all the splits are reported in Table 3. It can be seen that the
face-based architecture performs significantly better in all
the splits, while the performance of the vertex-based archi-
tecture is generally not statistically different from the origi-
nal edge-based architecture.

4.3.2 Human Body Segmentation

The authors of the original edge-based implementation of
MeshCNN [1] report state-of-the-art results on the human
body segmentation dataset proposed by [35], which contains
meshes of human bodies segmented in 8 different classes.
Similar to our previous experiments, we customize the origi-
nal datasets for the evaluation of ourmodels. For this case, we
compute splits with 380, 100, 50, 10, and 1 training samples
and report our results in Table 3. It can be seen that the face-
based implementation produces significantly better results
than the edge-based implementation in all the splits of the
dataset. As in the case of the COSEG experiments, the perfor-
mance of the vertex-based network is similar to the edge-
based case.

We also include in the last two columns of Table 3 the
segmentation accuracies reported by [23] and [21]. It can be
seen that our face-based method obtains the best results
when compared against these works on the Human Bodies
dataset, while the performance in the COSEG dataset varies.
In this case, we report slightly lower accuracies than those

TABLE 2
Testing Accuracies on Classification Datasets With Different Training and Testing Splits

Dataset Split Edge-based [1] Face-based (ours) Vertex-based (ours) Prima-Dual [23] MeshWalker [21]

SHREC

1 0.34 � 0.07 0.56 � 0.01* 0.35 � 0.07 – –
3 0.52 � 0.07 0.84 � 0.05* 0.66 � 0.03* – –
6 0.85 � 0.03 0.93 � 0.03* 0.88 � 0.03 – –
10 0.94 � 0.01 0.97 � 0.01* 0.97 � 0.01* 0.99 0.97
16 0.98 � 0.01 0.99 � 0.01 0.99 � 0.01 0.99 0.99

Engraved Cubes

1 0.22 � 0.04 0.22 � 0.06 0.23 � 0.04 – –
10 0.79 � 0.02 0.80 � 0.02 0.77 � 0.02 – –
50 0.98 � 0.004 0.98 � 0.01 0.98 � 0.003 – –
100 0.99 � 0.002 0.99 � 0.003 0.99 � 0.01 – –
170 0.99 � 0.001 0.99 � 0.002 0.99 � 0.02 0.94 0.99

A ‘*’ sign means that the difference with respect to the results using the edge-based implementation is statistically significant (by t-test). Best results are
highlighted in bold.
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reported by [23] and [21], with the exception of the Chairs
subset, in which our face-based approach outperforms [23].
More thorough studies of the performance of these algo-
rithms on extensive datasets are needed.

4.4 Summary of the Results

We include Table 4 to summarize the results reported in the
classification and segmentation datasets. The table reports
the percentage of experiments in which our proposed net-
works produced better, worse, or similar results with
respect to the original edge-based MeshCNN. We consider
a split to be better or worse if the difference between the
accuracies is statistically significant. Otherwise, we label it
as similar. It can be seen that, generally, the face-based
implementation reports significantly better results than the
edge-based network, while the vertex-based implementa-
tion generally produces similar results.

4.5 Computational Complexity

Our proposed architectures are slower than the original edge-
based MeshCNN. This happens due to the pooling layers in

the network. The pooling layers of our networks combine the
activations of the faces and vertices per edge to determine
where to apply edge collapse. This operation is not needed in
the original edge-based implementation of MeshCNN, and
since it has to be computed in each pooling layer, it signifi-
cantly affects the computational time of our networks. We
include in Fig. 8 the time (inminutes) that it takes to train each
network with and without the pooling layers. It can be seen
that when the pooling layers are included in the network, our
face-based and vertex-based networks are slower than the
original edge-based network. However, when no pooling
layers are present, the three networks perform similarly in
terms of computational time. All the experiments were car-
ried out using a singleNVIDIAV100GPU.

5 CASE STUDY: VERTEX-BASED IMPLEMENTATION

OF POINT2MESH

Point2Mesh is a recently proposed method for automatic
mesh reconstruction from a point cloud [20]. A diagram of
the model is shown in Fig. 9. This method first computes an

TABLE 4
Overall Comparison of Classification and Segmentation Results
by Our Face-Base and Vertex-Based Methods to the Original

Edge-Based Implementation of MeshCNN [1]

Task Dataset

Face-based versus
Original

Vertex-based versus
Original

Better Worse Similar Better Worse Similar

Classification
SHREC 80% 0% 20% 40% 0 60%
Cubes 0% 0% 100% 0 0 100%

Segmentation

Aliens 20% 0% 80% 0 20% 80%
Vases 60% 0% 40% 20% 20% 60%
Chairs 80% 0% 20% 20% 0 80%
Humans 100% 0% 0% 20% 20% 60% Fig. 8. Computational time of training each type of network for classifica-

tion of the SHREC10 dataset.

TABLE 3
Testing Accuracies on Segmentation Datasets With Different Training and Testing Splits

Dataset Split Edge-based [1] Face-based (ours) Vertex-based (ours) Prima-Dual [23] MeshWalker [21]

COSEG (Aliens)

1 0.42 � 0.05 0.48 � 0.06 0.38 � 0.03 – –
10 0.66 � 0.03 0.71 � 0.01* 0.53 � 0.04* – –
50 0.86 � 0.02 0.87 � 0.01 0.82 � 0.04 – –
100 0.93 � 0.02 0.94 � 0.01 0.93 � 0.01 – –
170 0.95 � 0.01 0.96 � 0.01 0.95 � 0.03 0.98 0.99

COSEG (Vases)

1 0.45 � 0.08 0.58 � 0.09* 0.51 � 0.11 – –
10 0.75 � 0.03 0.78 � 0.04 0.63 � 0.02* – –
50 0.85 � 0.02 0.89 � 0.01* 0.75 � 0.02* – –
100 0.91 � 0.01 0.92 � 0.01 0.86 � 0.01* – –
250 0.93 � 0.01 0.95 � 0.01* 0.93 � 0.01 0.97 0.99

COSEG (Chairs)

1 0.37 � 0.02 0.49 � 0.06* 0.41 � 0.02* – –
10 0.54 � 0.04 0.63 � 0.03* 0.50 � 0.02 – –
50 0.76 � 0.01 0.80 � 0.01* 0.76 � 0.02 – –
100 0.84 � 0.02 0.85 � 0.02 0.82 � 0.02 – –
330 0.94 � 0.01 0.96 � 0.01* 0.93 � 0.02 0.95 0.99

Human Bodies

1 0.26 � 0.04 0.43 � 0.06* 0.41 � 0.09* – –
10 0.58 � 0.02 0.79 � 0.02* 0.60 � 0.02 – –
50 0.84 � 0.04 0.92 � 0.03* 0.82 � 0.01 – –
100 0.88 � 0.03 0.96 � 0.002* 0.87 � 0.01 – –
380 0.96 � 0.01 0.98 � 0.002* 0.94 � 0.01* 0.85 0.95
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initial coarse approximation of the reconstructed mesh, and
then a self-prior iteratively learns to displace the vertices of
the mesh. The self-prior is defined as an autoencoder that
follows the principles of MeshCNN. The goal of the self-
prior is to learn displacements for the vertices of the mesh.
However, since the network is designed using the original
edge-based implementation of MeshCNN, the displace-
ments of the network are produced by edge. Specifically,
the network produces a set of edge displacements DE that
consists of pairs of vertex displacements. Because one vertex
is adjacent to several edges, the produced vertex displace-
ments must be combined so that the deformation is consis-
tent. To tackle this issue, the authors propose an extra
module referred to as ”Build DV ”, which averages the ver-
tex displacements in DE following Equation (4), where vi is
computed as the average of all the vertex positions in its
adjacent edges, and n is the valence of vi.

vi ¼ 1

n

X

j2n
ejðviÞ (4)

While aggregating the edge-based output produces very
good results, a vertex-based implementation of MeshCNN
could be used for the self-prior so that the ”BuildDV ”module
is not needed. We design a vertex-based version of Point2-
Mesh where the ”Build DV module is excluded, as shown in
Fig. 9, and compare it against the original implementation in
different qualitative and quantitative experiments.

5.1 Visual Results

We train edge-based and vertex-based networks for mesh
reconstruction of five different point-clouds provided in the
original source code of Point2Mesh [20]. In every case, we
design the networks following the same configuration as in
the original version of the network. Fig. 10 shows the recon-
structed meshes from clean and complete input point
clouds by the original edge-based network and our pro-
posed vertex-based implementation. It can be seen that our
approach produces reconstructions that are similar to the
original edge-based approach. In the remainder of this Sec-
tion, we will further explore the capability of our proposed
methods for mesh reconstruction from noisy and incom-
plete point clouds.

5.2 Evaluation Metrics

Similarly to [20], we quantitatively evaluate our method by
sampling points on the reconstructed and ground truth
meshes and compute the Hausdorff distance and F-score as
the comparison metrics.

The Hausdorff distance is considered to be the sharpest
distance error estimate between two meshes [29], and it is
the maximum of the minimum distance between two sets of
points, as shown in Equation (5). Because this distance met-
ric is not symmetric (i.e., dHðA;BÞ 6¼ dHðB;AÞ), it is nor-
mally preferred to use the symmetric Hausdorff distance,
defined as the maximum of both distances (Equation (6)).

dHðA;BÞ ¼ max
a2A

min
b2B

jja� bjj (5)

dSHðA;BÞ ¼ maxfdHðA;BÞ; dHðB;AÞg (6)

The F-score between two geometric meshes is a metric first
proposed by [36] and it can be defined as the harmonic mean
between the precision P ðtÞ and recall RðtÞ at a user-specified
distance threshold t, as shown in Equation (7). With this met-
ric, a given reconstructionwould have an F-score of 100 in the
best-case scenario and of 0 in theworst case.

Fig. 10. Mesh reconstructions from clean and complete point clouds
obtained by the edge-based approach (b) and by our proposed vertex-
based approach (c).

Fig. 9. Original version of Point2Mesh model and our vertex-based
implementation. The original version uses the ”Build DV ” module to com-
pute vertex displacements (DV ), we eliminate the module and use the
”Self-Prior” module to directly generate DV .
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F ðtÞ ¼ 2P ðtÞRðtÞ
P ðtÞ þRðtÞ (7)

It is important to note that, while these distortion-based
metrics can help us estimate the quality of our approach,
they are not necessarily linked to the visual quality of the
results [37].

5.3 Mesh Reconstruction From Noisy Point Clouds

We evaluate our approach on a denoising task following an
experimental setup similar to that used in [20]. Specifically,
we sample 75,000 points from a ground truth mesh and
then we add a small amount of Gaussian noise to each coor-
dinate (x; y; z). We perform each experiment five times and
show in Fig. 11a the best and worst visual results for each
network and mesh. It can be seen that, while there is not a
perceptual difference between the edge-based and vertex-
based network in the best case, the worst results produced
by the original edge-based network tend to be worse than
those produced by our vertex-based approach. For more
details, we include the reconstructions of all the denoising
experiments in Appendix B, available in the online supple-
mental material.

Additionally, Table 5 reports the quantitative results for
shape denoising in terms of Hausdorff distance and F-score.
For each experiment, we sample 25,000 points from the
reconstruction and the ground truth and set a distance
threshold of t ¼ 0:002. It can be seen that our vertex-based
approach reports slightly better results in terms of Hausdorff
distance, but slightly worse results in terms of F-score.

However, the difference between both approaches is not sta-
tistically significant in either case.

5.4 Mesh Reconstruction From Incomplete Point
Clouds

We test our approach and the original edge-based network in
the task of mesh reconstruction from incomplete point
clouds. We sample 75,000 points from two ground truth
meshes and manually remove points from certain areas of
the meshes to come up with incomplete point clouds similar
to the ones used in [20]. We perform 5 different experiments
for each point cloud and network and show qualitative and
quantitative results in Fig. 11b and Table 5, respectively. The
visual results in Fig. 11b show that there are not perceptual
differences between the best reconstructions of our approach
and the original edge-based method. Similar to the denoising
task, we observe that the worse results of the edge-based net-
work contain more noise than the results obtained with our
method. The reconstructed meshes from every experiment
are included in Appendix B, available in the online supple-
mental material. Quantitatively, Table 5 shows that our
approach performs better both in terms ofHausdorff distance
and F-score. However, the difference between our approach
and the originalmethod is not statistically significant.

5.5 Computational Time

The results produced by the edge-based implementation
were already superb, and beating these results is very chal-
lenging. However, our network is significantly faster than

Fig. 11. Mesh reconstruction results from noisy (a) and incomplete (b) point clouds.

TABLE 5
Quantitative Performance Metrics for Mesh Reconstruction From Noisy and Incomplete Point Clouds

Experiment Mesh

Hausdorff Distance F-score

Edge-based Vertex-based Edge-based Vertex-based

[20] (ours) [20] (ours)

Noisy Point Clouds Guitar 0.0059 � 0.0094 0.0020� 0.0008 99.19� 0.78 94.81� 6.17
Cow 0.0086� 0.0006 0.0084� 0.0022 76.52� 9.46 66.00� 6.90

Incomplete Point Clouds Bull 0.0076� 0.0063 0.0043� 0.0018 77.34� 21.74 87.66� 8.10
Giraffe 0.0027� 0.0009 0.0018� 0.0016 94.13� 7.66 96.79� 4.45

Hausdorff distance (lower is better) and F-score (higher is better) for five different experiments in the form of mean�std.
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the original one, as shown in Fig. 12. This happens because
our vertex-based network directly produces displacements
for the mesh vertices, and thus, it does not need to aggregate
the output using the ”Build DV ” module. Specifically, when
the two networks are trained for 6,000 iterations, the edge-
based approach takes an average of 4.41 hours to finalize
training, while our vertex-based approach only takes 36.71
minutes. This corresponds to a percentage decrease of about
91%. The difference is lower in terms of inference time. In this
case, the edge-based approach takes about 0.21 seconds to
compute a reconstruction, while our vertex-based approach
takes an average of 0.17 seconds, for an average percentage
decrease of about 20%. All the experiments were computed
using a singleNVIDIAV100GPU.

6 DISCUSSION

We have proposed two novel implementations of mesh con-
volutional neural networks that can directly handle face-
based or vertex-based inputs. Our proposed networks do
not only outperform the original MeshCNN in mesh classi-
fication and segmentation [1], but also significantly reduce
model training and inference time for the Point2Mesh
model in mesh reconstruction [20], demonstrating that the
face-based and vertex-based operators are highly effective
in mesh convolutional networks.

In themesh classification task,we test our networks on the
SHREC dataset [33] and the Engraved Cubes dataset [1] with
different training and testing data splits. Our experiments

show that both of our face-based and vertex-based networks
outperform the original MeshCNN for classifying the
SHREC dataset, setting a new state of the art. On the
Engraved Cubes dataset, our networks perform similarly as
compared to the originalMeshCNN. This dataset has a lower
complexity than that of SHREC. First, it contains fewer clas-
ses than that of SHREC (23 classes versus 30 classes). Second,
themeshes in the Engraved Cubes dataset are simple. Specif-
ically, they are formed by cubes with shallow engravings of
different shapes, making actual representations of the
meshes equivalent to 2D silhouettes. We believe that the low
complexity of this dataset makes the differences among the
results produced by different networks negligible.

In the segmentation task, while our face-based approach
outperforms the original MeshCNN, our vertex-based
approach performs similarly. As in the mesh classification
task, we observe that the higher the complexity of a dataset,
the larger the difference among performances produced by
the different approaches. For mesh segmentation, the Human
Body dataset is more complex than COSEG as it contains
more classes than COSEG (8 versus 3-4), and eachmesh in the
dataset has a higher resolution. The high complexity makes
the Human Body dataset more challenging to be segmented
than the COSEG dataset, which we believe leads to the larger
margins in performance differences of our face-based archi-
tecture over the originalMeshCNN.

Additionally, we conduct a case study in which we adapt
Point2Mesh [20] to follow our vertex-based implementation
for mesh reconstruction from clean, noisy, and incomplete
point clouds. While experimental results do not show statis-
tical differences between our approach and the original
Point2Mesh, our approach achieves a 91% reduction of
model training time and about 20% reduction of model
inference time. This demonstrates that using a network spe-
cifically designed for a task is a better solution than post-
processing results to convert from one primitive to another.

The goal of this study is to design and develop vertex-
based and face-based implementations for MeshCNN. We
have designed features, neighborhood operations, and pool-
ing layers that are fundamentally modified to fit in the
MeshCNN architecture so that it can take faces and vertices
as inputs. While the proposed approaches produce promis-
ing results, we intend to gain theoretical insights into the
differences between the face and edge features in the next
step of our research. One observation is that the input recep-
tive fields by different approaches are different as shown in
Fig. 13, which could lead to the different performances. Our
future work will focus on the theoretical understanding of
the different operators as well as on exploring other geome-
try processing techniques that can potentially benefit deep

Fig. 12. Total training time (a) and average inference time (b) for mesh
reconstruction using the edge-based approach and our proposed vertex-
based approach.

Fig. 13. Comparison of the receptive field used as an input in the different
implementations ofMeshCNN.
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learning for 3D data in general. Other extensions of this
work could be investigating implications of different meth-
ods for the pooling criteria, studying the possibility of tak-
ing non-manifold meshes directly as inputs, and offering a
systematic and extensive comparison with other mesh-
based architectures in the literature [18], [19], [21], [22], [23].

7 CONCLUSION

In this paper, we propose a face-based and a vertex-based
implementation for mesh convolutional neural networks.
We demonstrate the advantages of our novel implementa-
tions for mesh classification and mesh segmentation and
achieve new state of the art for benchmark mesh classifica-
tion datasets. In addition, we incorporate the vertex-based
operator into a Point2Mesh model for mesh reconstruction
from point clouds and significantly reduce model training
and inference time. The source codes of our implementations
will bemade available to the public in the comingmonths.
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