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Topology optimization is a design method that proposes an optimal material 

distribution to maximize the performance of a structure while satisfying given 

constraints. Although it is widely used as a basic tool for product design, applying it to 

3D problems increases the number of design variables, which leads to a significant 

increase in the time required for repetitive finite element analysis. To overcome this, 

active research is being conducted to reduce the time required for finite element analysis 

in the topology optimization process by applying artificial neural networks. However, 

most of these approaches are based on supervised learning, which requires pre-training, 

and they are currently being applied experimentally to regular grids.  

Therefore, this paper introduces a method to accelerate topology optimization by 

quickly predicting the optimal material distribution in large-scale unstructured element 
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networks without pre-training. It expands upon unstructured elements in various design 

domains dealt with in industrial field problems, utilizing a graph 62 neural network. To 

reduce the time spent on finite element analysis in the topology optimization process, a 

fine-scale mesh and a coarse-scale mesh are prepared to represent the design domain. 

The minimization of compliance is performed based on the fine-scale mesh, and the 

density of the updated fine-scale mesh is interpolated to calculate the deformation rate in 

the coarse-scale mesh. 

For the construction of a graph, which is the data structure for the Graph Neural 

Network (GNN), the centroids and adjacency information from the finescale mesh were 

utilized. Subsequently, to improve the GNN's training performance, which predicts 

sensitivity using density and strain rate as vertex features, we partitioned the graph into 

'patches'. Patches in which density had fully converged to either 0 or 1 were 

probabilistically eliminated from the dataset, enabling a reduction in training time 

through learning based on these patches. 

To assess the performance of the model according to the hyperparameters, we 

analyzed the influence of patch size and coarse-scale mesh size using a two-dimensional 

MBB-beam. Additionally, we validated the robustness of the model within large-scale 

irregular meshes using a three-dimensional MBB-beam. Afterward, based on the 

hyperparameters that showed the best performance in two dimensions, we verified the 

performance through design examples of 2D hook and wrench with curvature, as well as 

3D hook examples. Furthermore, the model's performance was evaluated under 

conditions that resemble actual engineering problems, using a jet engine bracket 

problem where the design area with a complex shape and the non-design area are 

separated. When compared to fine-scale mesh based topology optimization results, the 

error in the objective function was similar across all numerical examples, within 4%, 

and we confirmed a time reduction performance of up to 56%. 


