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Mesh-smoothing method 
Mesh-smoothing methods are computational techniques used to 

improve the quality and regularity of mesh elements in numerical 
simulations by adjusting node positions to minimize distortions 
and enhance geometric properties. 

Method Description 
Laplacian 
smoothing 

Laplacian smoothing relocates each node to the average position of its 
neighboring nodes to reduce irregularities and improve mesh quality. 

Angle-based 
smoothing 

Angle-based smoothing adjusts vertex positions to minimize the deviation of 
angles from their ideal values, thereby enhancing element quality and 
geometric uniformity. 

CVT 
smoothing 

CVT smoothing iteratively relocates vertices to the centroids of their 
corresponding Voronoi regions, ensuring a more uniform and high-quality 
mesh distribution. 

GETMe 
smoothing  

Smoothing method based on element transformation that aims to enhance 
mesh quality by applying linear transformations to mesh elements, allowing 
individual elements to converge to optimal shapes through multiple iterations. 

Optimization-
based smoothing 

Optimization-based smoothing minimizes a predefined objective function, 
such as element distortion or energy, to iteratively adjust node positions and 
achieve optimal mesh quality. 
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Tendency and challenges 
AI-based mesh smoothing methods are advancing towards 

automation, efficiency, and intelligence, leveraging deep learning 
to adaptively optimize mesh quality, significantly enhancing 
computational accuracy and efficiency. 

 
 

 

NN-Smoothing method DRL-Smoothing method 
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Motivation 
The paper aims to overcome the computational inefficiency of 

optimization-based mesh smoothing and the dependency on 
labeled high-quality meshes in supervised learning approaches, 
which struggle with varying node degrees and input sequence 
issues. 

A lightweight, graph neural network based model is introduced to 
intelligently smooth meshes without labeled data, incorporating fault 
tolerance and a novel loss function for efficient, high-quality results 
with minimal computational cost. 

Comparison among optimization-based smoothing, NN-Smoothing, and GMSNet 
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1) Lightweight model design 

The paper proposes GMSNet, a lightweight graph neural network 
(GNN)-based model that normalizes node inputs and uses 
residual GCN layers to efficiently compute optimal node positions 
for mesh smoothing. 

GMSNet leverages GNN’s permutation invariance to process 
nodes with varying degrees and remain unaffected by input order, 
eliminating the need for separate models or data augmentation. 
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2) Model training 

The paper introduces a novel loss function, ​MetricLoss, which 
eliminates the need for labeled high-quality meshes by directly 
optimizing geometric metrics for stable and rapid convergence 
during training. 

Through MetricLoss, we introduce an unsupervised learning 
mechanism that enables the training of mesh smoothing models 
using only unlabeled mesh data. 

 
 

MetricLoss Training of GMSNet 
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3) Fault-tolerant mechanism 
Shift Truncation is introduced as a technique to address the issue 

of node displacement during the mesh smoothing process. It 
ensures that the movement of nodes does not exceed a 
predefined threshold, thereby preventing the generation of invalid 
elements and maintaining the stability and quality of the mesh. 

Illustration of shift truncation Algorithm of shift truncation 
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4) Model performance 

The proposed model demonstrates exceptional performance 
across various mesh test cases with different geometries, 
significantly improving the quality of mesh elements. 

Smoothing result of GMSNet 
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4) Model performance 

Compared to other traditional mesh smoothing models and 
intelligent mesh optimization models, the proposed model 
achieves optimal results in both smoothing efficiency and 
smoothing quality. 
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4) Model performance 

The model significantly reduces the proportion of low-quality mesh 
elements while increasing the proportion of high-quality mesh 
elements. 

Additionally, the paper discusses the training process of the model 
under different unsupervised loss functions for mesh optimization, 
demonstrating the effectiveness of MetricLoss in stabilizing the 
training process and promoting model convergence. 
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Future outlook  

Generalization to 3D meshes: future research will focus on 
extending the proposed method to three-dimensional (3D) mesh 
smoothing, addressing the additional complexities and challenges 
in 3D geometry.   

 Integration with real-time applications: exploring the integration 
of the model into real-time simulation and engineering 
applications to enhance computational efficiency and practical 
usability.   

Advanced loss functions: investigating more sophisticated loss 
functions and optimization strategies to further improve mesh 
quality and model convergence in diverse scenarios. 
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