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Abstract. Structural topology optimization approaches are widely used to create 

lightweight and efficient components through additive manufacturing. The race 

to lightweight components should also account for natural frequencies when 

designing components and structures subjected to dynamic loads, as in aerospace 

and automotive engineering. These optimization tools require extensive manual 

setup, mainly when tuning input parameters that govern algorithmic functions 

and convergence. In this context, machine learning approaches can circumvent 

the trial-and-error process associated with the manual setup of simulation factors. 

This study presents a method that utilizes machine learning to suggest optimal 

input parameters, such as evolutionary rate and mesh dimensions, for creating 

lightweight and optimized structures while maintaining a consistent natural 

frequency. The framework incorporates a neural network trained on a collection 

of previously solved, analogous problems. A dissimilarity metric derived from 

problem metadata is used to determine tuning parameters. This approach can be 

applied to analyze and optimize product configurations where only marginal 

conditions may change; a Bayesian optimizer based on data coming from the 

neural network is used to improve the structure, substituting the topology 

optimization algorithm and reducing the time-to-market of a specific product. 

Keywords: Topology Optimization, Frequency Optimization, Bidirectional 

Evolutionary Structural Optimization (BESO), Artificial Neural Network, 

Design for Additive Manufacturing. 

1 Introduction 

Topology Optimization (TO) methodologies are extensively employed in industrial 

engineering to create lightweight and efficient components [1] and facilitate optimized 

structure design by considering parameters such as expected loads, available design 

space, and materials. The resulting designs are characterized by minimal compliance 

for a desired design volume fraction. However, accounting for natural frequencies is 

essential when designing components and structures subjected to dynamic loads, 

particularly in aerospace and automotive applications [2]. The scientific community has 
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demonstrated the effectiveness of Bi-directional Evolutionary Structural Optimization 

(BESO), highlighting its capacity to converge towards optimal solutions involving 

solid-void configurations [3]. Moreover, TO is a perfect technique for generating 

optimized designs combined with Additive Manufacturing (AM) [4]. Despite the 

numerous advantages in the literature, optimization algorithms necessitate extensive 

manual setup and control in tuning input parameters that govern algorithmic functions 

and convergence [5]. 

In recent years, there has been a growing utilization of Machine Learning (ML) in 

various domains, extending their applications into the realm of AM [6, 7]. The 

capabilities provided by ML methods can help bypass the expensive trial-and-error 

procedure linked to manually adjusting the initial simulation parameters. To the 

author's knowledge, ML has been used to aid in tuning simulation constraints only for 

structural optimization with a limited set of parameters [8], while no relevant research 

has been found regarding input factor tuning in BESO frequency optimization. 

In this study, the authors propose a framework that leverages ML to recommend 

optimal input parameters for the frequency-based optimization method through an 

automated tuning of simulation parameters (i.e. evolutionary rate and mesh dimension) 

to obtain lightweight and optimized configurations with constant natural frequency. A 

Neural Network (NN) is trained on a repository of previously solved, similar problems 

involving a two-ends supported 2D beam where input parameters are randomly 

changed. The approach employs a dissimilarity metric based on problem metadata to 

fine-tune the input factors. The NN captures the relationship between input parameters 

and a simulation quality metric factor (the frequency ratio between the optimized and 

initial designs). Once trained, the NN is integrated into a Bayesian optimization 

algorithm [9], effectively replacing the BESO approach to expedite the design process. 

The aim is to reduce the fine-tuning of simulation parameters while simultaneously 

optimizing a targeted structure, all while preserving its natural frequency as efficiently 

as possible. This methodology can be applied in an industrial environment to enhance 

fixed structural configurations when experiencing minor boundary condition variations, 

such as adjustments in required volume fraction. The approach allows users to achieve 

optimal output structures, accelerating the time-to-market for specific products. 

2 Methodology 

The proposed methodology is applied to an 8x1m 2D two-supported beam made of a 

fictitious material with a unitary density, a Poisson ratio of 0.3 and an elastic modulus 

of 10 MPa. However, the user can overwrite the material properties with the required 

ones without affecting the accuracy of the approach. The beam is populated with a 

concentrated mass of 𝑚 Kg in a point whose position is defined in terms of % of beam 

length. The beam is schematically represented in Fig. 1. The problem constraint is given 

by eq. 1, where 𝑣 is the volume of the solid material, 𝑣0 is the volume of the design 

space, and 𝑣𝑓 is the imposed volume fraction constraint. 

𝑔 = (
𝑣

𝑣0
) − 𝑣𝑓 (1) 
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The aim is to obtain a lighter structure, reaching the target 𝑣𝑓 keeping the overall 

structure's first natural frequency 𝑓𝑛 constant as much as possible. 

 

Fig. 1. Two-supported beam topology optimization problem with a concentrated point mass. 

2.1 The BESO method 

In this study, the authors include the modified Solid Isotropic Material with 

Penalization (SIMP) model coupled with a BESO approach proposed by Huang et al. 

[3]. A BESO approach and rigorous optimality criteria leverage the optimization 

algorithm to maintain a consistent mass-to-stiffness ratio for both solid and void 

elements, thereby preventing the occurrence of artificial localized modes during 

frequency optimization. Additionally, the modified SIMP model facilitates sensitivity 

analysis for specific frequencies. The sensitivity numbers rank elemental sensitivities 

within the BESO method, considering discrete design variables such as full elements 

(design variable 1) or void elements (0). Finally, a BESO update scheme with rigorous 

optimality criteria is applied to identify an optimal design that meets the desired volume 

fraction. A mesh-independency filter is included to avoid checkerboard patterns and 

mesh-dependency issues by averaging the elemental sensitivity numbers with those of 

neighbouring elements, leveraging image-processing techniques.  

However, BESO, SIMP, and other TO algorithms necessitate significant manual 

configuration due to numerical parameters that must be appropriately set to converge 

effectively; otherwise, poorly tuned parameters can lead to suboptimal quality or even 

nonsensical outcomes. Table 1 collects a list of tuning parameters for the two supported 

beam problems analyzed in this paper, a set of meta-features describing the design 

problem and a metric value for quantitatively assessing the quality of the solution, 

namely the frequency ratio between the optimized and initial design. 

2.2 Neural Network 

Optimizing input parameters to set up simulations for TO is an intricate task that has 

long been a hurdle in this field. This work aimed to establish a methodology that could 

yield the best possible quality values (metric) for TO, a task of paramount importance. 

In the context of TO, the choice to train a neural network to approximate the dynamics 

between inputs and outputs was guided by several considerations. 
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Table 1. Turning parameters for two-supported beam BESO topology optimization problem. 

The last column shows the interval of values used to build the dataset of 3000 simulations. 

Input parameter Description Symbol 
Interval for 

dataset 

Mesh size X N. of discrete elements along X  𝑚𝑒𝑠ℎ𝑥 [112, 320] 

Mesh size Y N. of discrete elements along Y  𝑚𝑒𝑠ℎ𝑦 See eq. 5 

Evolution rate BESO volume decrease rate  𝐸𝑟 [0.01, 0.04] 

Filter radius 
Radius of the mesh independence filter of 

BESO 
𝑟 See eq. 5 

SIMP penalty SIMP penalization factor  𝑝 See eq. 5 

Meta-features    

Final volume 

fraction 

Target % of the volume occupied by 

material 
𝑉𝑓 [0.4, 0.9] 

Point mass position 
Position of the point mass as % of beam 

length 
𝑥𝑚 [0, 100] 

Point mass weight Weight of the point mass in kg 𝑚 [0, 1000] 

Output    

Simulation metric 
Optimized versus initial design frequency 

ratio (as close as possible to 1) 
Φ [0, 1] 

 

First and foremost, neural networks are notoriously effective in approximating complex 

and non-linear functions [10, 11], making them ideal for modelling the relationship 

between input parameters, meta-features and the output metric described in Table 1. 

Fig. 2 depicts the methodology flowchart adopted in this work. 

 

Fig. 2. Overall methodology flowchart: the tedious trial-and-error approach to find optimal 

design with BESO is bypassed thanks to an NN and a Bayesian Optimization. 

A crucial aspect of our approach was using a Bayesian Optimizer (BO) [12] to 

calculate the optimal input parameters for our dataset. However, to use the BO, it is 

necessary to calculate the outputs from the inputs, and this would typically require the 

launch of a costly simulation every time we want to calculate the outputs for a given 

set of inputs; thus, after training a NN on the input and output data, it can swiftly 

calculate the outputs from the inputs without launching a complete simulation. This 

approach can potentially revolutionize TO, opening new frontiers and allowing for the 
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exploration of more extensive and complex parameter spaces with unprecedented 

efficiency.  

NN has become increasingly prevalent in this context due to its ability to learn and 

approximate complex relationships between input parameters and output metrics. The 

focus is on a specific NN architecture and its corresponding training strategy designed 

to effectively handle the challenges posed by TO problems. 

The NN under consideration consists of a feedforward NN composed of 3 layers, 

each containing 16 neurons. The network is designed to accept seven input parameters 

and produce a single output metric; the activation function used to pass the value of 

each neuron is the Rectified Linear Unit function (ReLU) [13]. The training of the NN 

is a critical phase where the model learns the underlying patterns in the data. The 

training parameters are carefully chosen to ensure effective learning while preventing 

issues such as overfitting. The model is trained over 300 epochs. An epoch represents 

a complete pass through the entire training dataset. Training over multiple epochs is 

necessary for the model to optimize and refine its weights and biases iteratively. The 

learning rate is set to 0.005. This hyperparameter controls the step size during the 

optimization process. A smaller learning rate ensures the model does not overshoot the 

optimal solution, while a larger learning rate speeds up the training process. 

The Adam (Adaptive Moment Estimation) [14] optimization algorithm is utilized 

for efficient gradient-based optimization. Adam is an algorithm that computes adaptive 

learning rates for each parameter. Training is performed in batches of 32 samples. Batch 

training offers a balance between computational efficiency and model convergence. 

The loss function used during the training phase was the Mean Squared Error (MSE) 

defined in eq. 2: 

𝑀𝑆𝐸 =  
1

𝑛
 ∑(𝑦𝑖 − (𝑦𝑖)̂)

2
𝑛

𝑖=1

 (2) 

where 𝑛 is the total number of data used, 𝑦𝑖  is the 𝑖𝑡ℎ real value of the data, while 𝑦𝑖̂ is 

the 𝑖𝑡ℎ value predicted by NN. The final value of the MSE is about 0.031. Fig. 3 

compares the actual data to those predicted by the NN. 

2.3 Bayesian Optimization 

BO represents a methodology for optimizing objective functions with protracted 

evaluation times. The process involves the construction of a surrogate model for the 

objective function, which is then used to quantify uncertainty via a Bayesian machine 

learning technique known as Gaussian process regression. Subsequently, an acquisition 

function, defined based on this surrogate model, is employed to determine the locations 

for future sampling. 

The problem statement that characterizes this research is shown in eq. 3: 

𝑥∗ =  𝑎𝑟𝑔𝑚𝑖𝑛𝑥𝑓(𝑥) (3) 

under the constraints that: 

• 𝑓 is a black box for which no closed form is known; 

• 𝑓 is expensive to evaluate; 

• Evaluation of 𝑦 = 𝑓(𝑥) may be noisy. 
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Fig. 3. Comparison between real output data (orange) and output predicted by NN (blue). 

In this case, the 𝑓 function is the objective function to minimize, defined as: 

𝑓𝑜𝑏𝑗(𝜙) = (|1 −  𝜙 |)2 (4) 

where 𝜙 is the fitness metric; it is essential to consider that the final aim is to find the 

optimized parameters that produce metric values as close as possible to 1. 

3 Results 

The dataset used to train the NN has been built with 3000 different runs of the BESO 

algorithm. The number of required simulations is chosen based on the authors' 

experience; future research will investigate the minimum dimensions of the dataset. A 

workstation with an i7-11700F CPU @2.50 GHz and 32GB RAM is used to build the 

dataset with an elapsed time of 37.5 hours. The dataset was created by randomly 

changing the input parameters and simulating different two-supported beam 

configurations using different meta-feature values within the intervals shown in the last 

column of Table 1. Literature reference values drive the interval range used in the 

BESO algorithm for this specific study. The remaining input parameters are set as in 

eq. 5, based on reference values or to build a dependency on an input parameter 

randomly chosen as 𝑚𝑒𝑠ℎ𝑥. 

𝑝 = 3; 𝑟𝑚𝑖𝑛 = 5 ∗  
𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 𝑏𝑒𝑎𝑚 𝑖𝑛 𝑋

𝑚𝑒𝑠ℎ𝑥
; 𝑚𝑒𝑠ℎ𝑦 =

1

8
𝑚𝑒𝑠ℎ𝑥 (5) 
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After the NN training, the BO has been used to substitute the BESO and speed up 

the frequency optimization of the two-supported beams. Twenty randomly chosen 

configurations of meta-features have been used to test the capabilities of the BO. The 

BO effectively returns a set of input parameters and the metric function with a constant 

running time of 11 seconds. Then, the results of the BO are compared with the BESO: 

the suggested input parameters are used for the 20 design problems; the metric and the 

running time are evaluated using BESO. Table 2 collects all the data, including the BO's 

metric % of error compared to BESO and the variation of simulation time, along with 

Fig. 4, which collects the same results graphically. Fig. 5 shows qualitatively the 

resulting structure for some runs contained in Table 2.  

Table 2. Twenty designs were used to test the BO; the % error on the metric function between 

the BESO and BO is evaluated, and the running time of each simulation is compared. 

Run 

# 
𝑉𝑓 𝐸𝑟  𝑚𝑒𝑠ℎ𝑥  𝑥𝑚  𝑚 Φ𝐵𝑂  Φ𝐵𝐸𝑆𝑂 

Error 

[%] 

Time 

BESO [s] 

∆𝑇 

[%] 

1 0.5 0.01 202 0.5 400 0.742 0.780 4.87 77.82 -85.86 

2 0.6 0.026 278 0.5 0 0.862 1.161 25.75 145.61 -92.45 

3 0.7 0.027 319 0.4 100 0.924 0.931 0.75 177.33 -93.80 

4 0.9 0.037 318 0.8 500 1.050 0.993 5.74 127.41 -91.37 

5 0.8 0.04 320 0.2 800 0.983 0.975 0.82 173.56 -93.66 

6 0.65 0.038 314 0.5 900 0.917 0.896 2.34 149.80 -92.66 

7 0.45 0.028 314 0.3 300 0.642 0.719 10.71 298.25 -96.31 

8 0.75 0.04 320 0.7 200 0.976 0.955 2.20 165.45 -93.35 

9 0.82 0.019 318 0.9 327 1.017 0.986 3.14 124.89 -91.19 

10 0.62 0.03 314 0.1 180 0.865 0.935 7.49 198.06 -94.45 

11 0.53 0.01 273 0.6 675 0.778 0.791 1.64 360.05 -96.94 

12 0.71 0.029 297 0.1 999 0.936 0.942 0.64 137.08 -91.98 

13 0.89 0.014 319 0.5 12 1.018 0.995 2.31 128.48 -91.44 

14 0.58 0.029 290 0.7 429 0.840 0.825 1.82 177.55 -93.80 

15 0.65 0.019 291 0.4 345 0.897 0.897 0 181.95 -93.96 

16 0.43 0.01 221 0.8 251 0.648 0.464 39.66 124.87 -91.19 

17 0.86 0.039 320 0.2 29 0.987 0.993 0.60 164.52 -93.31 

18 0.64 0.031 294 0.5 862 0.910 0.894 1.79 67.52 -83.71 

19 0.81 0.01 307 0.6 404 0.991 0.970 2.16 205.67 -94.65 

20 0.48 0.01 244 0.1 128 0.719 0.785 8.41 157.45 -93.01 

 

Among 20 runs, just two design configurations have a deviation of more than 15%, 

which can be considered encouraging. A single configuration produced a 39% 

deviation; however, the BESO returns a metric value far from the optimum design Φ~1 

(0,464) and the BO well imitates the low metric value achievable with the suggested 

input parameters. Moving the analysis to the simulation time, the beneficial switch from 

the BESO to the BO-NN approach can be easily demonstrated: the simulation time was 

reduced by more than 83% for all the configurations, with values that reach even 97% 

time reduction. Thus, the tedious procedure of tuning iterations with manual 
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adjustments on input parameters while simultaneously optimizing a targeted structure 

is dramatically reduced, accelerating the time-to-market for specific products. 

 

 
Fig. 4. Comparison of the matric values and the percentage error computed for each 

run. 

 

 
Fig. 5. Comparison of the optimized two-supported beam structure of three different 

configurations 

 

The proposed approach shows the following potential limitations: as preliminary 

research, only a specific mechanical problem (cantilever beam) has been tested; due to 

the probabilistic nature of the NNs, the results from the NN do not match the real ones. 

However, as the results demonstrate, an encouraging prediction in the preliminary 

design stages can be obtained. 
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4 Conclusions 

Topology Optimization holds great promise for creating efficient mechanical 

components and systems, even for structures subjected to dynamic loads. However, 

these approaches often demand significant manual tuning, especially when adjusting 

parameters that influence algorithm behaviour and convergence. To address this 

challenge, the paper proposes a Bayesian Optimizer based on a Neural Network 

framework that suggests tuning parameters to users to set in the Bi-directional 

Evolutionary Structural Optimization approach, thereby circumventing the expensive 

trial-and-error process associated with manual adjustments. This framework comprises 

two main steps. First, a learning phase involves training an NN on a dataset that includes 

input parameters, meta-features, and the simulation metric from analogous problems. 

Second, an optimization step utilizes Bayesian optimization (BO) to fine-tune the input 

parameters specific to the TO efficiently problem, yielding an approximate simulation 

metric. The results demonstrate that when many configurations should be tested, the 

NN-BO framework can be considered a valid substitute for the BESO in the preliminary 

design stages. Thanks to the new approach, more than 86% of time reduction with a 

limited 6% error can be achieved independently of the meta-features tested. However, 

the method exhibits certain limitations when employing NNs. Due to their probabilistic 

nature, NNs do not consistently produce identical results. Additionally, this study could 

benefit from a deeper exploration using more generative NNs that work directly with 

b/w matrices representing the position of the mass. This approach would utilize the 

same input data as the current study, generating outputs that reflect the new structure's 

topological optimization (TO) results rather than merely providing matrix values. 
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