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ABSTRACT 
 
Several optimization problems are dealed with the particle swarm optimization (PSO) algorithm, there is a wide 
kind of optimization problems, it may be applications related to logistics or the reload of nuclear reactors. This 
paper discusses the use of the PSO in the treatment of problems related to mechanical structure optimization. 
The geometry and material characteristics of mechanical components are important for the proper functioning 
and performance of the systems were they are applied, particularly to the nuclear field. Calculations related to 
mechanical aspects are all made using ANSYS, while the PSO is programed in matlab. 
 
 

1. INTRODUCTION 
 
The parameters’ choice such as geometry and dimensions of components to be employed in 
mechanical structures is a key part of a project, especially in nuclear engineering. Such 
choices defines the way which these structures works and their performance in the systems 
which they will be operating. Thus, it is necessary to have a guide study that help us to 
choose the materials with most suitable properties and the best geometry for use on a 
particular component inserted into a system, so the project’s requirements are successfully 
accomplished. In mechanical structures’ optimization problems a range of design parameters 
is established and the PSO algorithm shall find the best set of parameters to give us the best 
project in terms of cost, safety, etc. 
 
In this article there is going to be a brief explanation of PSO algorithm and give an 
elucidation of how it will be applied on mechanical structures problems. At the final there is 
an application example of PSO in a structural mechanical problem, which is a simplified 
pressurized vessel problem. There is also a conclusion, were the results are discussed, it is 
evidenced that the simulations achieved good results for the work’s purpose. 
 
 

2. PARTICLE SWARM OPTIMIZATION 
 
Studies had shown that swarm’s individuals are able to share information with each other in 
certain situations. The PSO is a stochastic optimization algorithm created by Kennedy and 
Eberhart [1] and it is a result of these studies. Thus, for example, the fish or bird swarm’s 
individuals can effectively fast organize themselves. The swarm’s individuals, called particles 
here, does position corrections based on velocities every instant of time. This kind of 
behavior allows these animals to deal with difficult situations, such as hunting or escaping, 
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successfully. Based on these studies related to the animals’ behavior, the PSO was developed 
with the intention to find out optimum solutions for complex problems. Researches shows 
good solutions using PSO in logistics and engineering problems, especially in nuclear area 
[2] [3] [4]. 
 
In PSO algorithm, every particle is a potential solution, this is how is defined the position 
matrix, ijx . Each matrix line represents one particle of the population, and each column one 

characteristic that is desired to find out. In the present problem, these characteristics can be 
dimension values of a mechanical component or even the material with which it is made of. 
At the beginning of the algorithm, the ijx  values are randomly established in a defined search 

space. And these values evolves through generations. 
 
Besides that, each particle has a value of velocity, expressed in the matrixijv . After calculated 

this velocity a correction is made in ijx  values, this occurs in every generation. The calculus 

of the velocity is composed by the sum of three parts. The first contribution is the inertial 
part, it impels the particle to the same value as it had one generation before. The second 
contribution is related to the best result that each particle has already achieved. And the third 
and last contribution is related to the best result of all particles. 
 
The matrix that has the best results of each particle through all generations is PBEST, and the 
matrix that has the best swarm’s result through all generations is GBEST. The next 
paragraphs explain how PSO algorithm works, and then a flowchart is shown in Fig. 1 in 
order to give a better comprehension. 
 
At first, the population represented by the matrix x  is created randomly. The columns 
represents characteristics such as dimensions. This matrix has N lines, where N the is quantity 
of particles in the swarm. After that, the velocity matrix v  is initialized the same way. 
 
Established the x  matrix, the mechanical simulations are built with the characteristics 
existing in this matrix. 
 
Once calculated the mechanical simulation problems, one function called fitness is used to 
evaluate how good were each simulation in terms of their results, for example, reaction 
values, stress, safety factors (SF), etc. The problem that will be studied in this article is a 
pressurized vessel, and the fitness function will be equal to the project’s FS. A real problem 
takes in account several things such as economic costs, volume and mass, but the purpose of 
this study is only to show the application of PSO in a mechanical structure optimization 
problem, so to simplify the simulation, only the SF is considered to be optimized. 
 
PBEST and GBEST are actualized. The next step will be actualize the values of ijv  and ijx . 

This is done by the equations below: 
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In the equations above, k represents the generation and i represents the swarm’s particle. For 
example, 2

3x  means: the proposed solution for the second swarm’s particle at the third 
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generation. The constants 1c  and 2c  are weights that represents the importance that is given 
at the correction to the better individual solution and the group solution, respectively. The 
constant w  does this: a proposed solution in a generation turns to be more alike a proposed 
solution in a previous generation, in other words, we can say that w  is a inertial constant. 
Finally, 1r  and 2r  are random factors of a uniform distribution between 0 and 1, these factors 
help to prevent a premature solution convergence, because they change randomly the velocity 
value of a particle [5]. A premature solution is not desired because normally they represent 
locals minimum or maximum, while finding a global minimum or maximum for the problem 
here studied is more desirable. 
 
Fig. 1 is a flowchart of PSO algorithm, as we can see at it, in each generation new solutions 
are proposed. The algorithm will work searching for a solution until some stop criterion is 
attended. 
 
 

 
 

Figure 1 –  PSO flowchart 
 
 

3. SIMULATION IN ANSYS  
 
This chapter shows the problem that will be solved using the PSO algorithm. It’s important to 
emphasize that the proposition of this work is to show that PSO can be useful on solving 
mechanical structure problems, not just a particular problem. Nevertheless, many 
simplifications at the simulation shall be made, like the discarding of flanges at the nozzles. 
Another simplification is that for a real problem, the thickness is different at the nozzles, 
vessel and pipes, and this is not considered here. 
 
The calculations are performed using ANSYS, which enables predict how components will 
operate in real world [6]. 
  
The project consists of a spherical pressurized vessel, with two nozzles diametrically 
opposites. It will operate with an internal pressure of 12MPa and it’s made of C1015 steel. 
Fig. 2 shows the project’s design. 
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The properties of C1015 steel that were used [7]: 
 

• Yield Strength, eσ : 325 MPa; 

• Modulus of Elasticity: 207 GPa; 
• Poisson’s Ratio: 0.3 

 
The purpose of this work is only to show the application of PSO in mechanical structures, 
and not to really find an optimum solution for a real problem. In fact, for the mechanical 
simulations of this work, the choice of the steel is irrelevant, because the calculations 
performed here are linear, in other words, there are no non-linearity of the material’s 
comportment, which means that only the elastic regime is being considered in the finite 
element simulations. 
 
Considering a linear simulation, independently of the steel used, we would have the same 
value of maximum Von Mises stress maxσ , because it only depends of the Poisson’s ratio and 

the modulus of elasticity, which are the same for all steels. What changes considering a 
specific steel in the results is the SF, once this depends of the yield strength, which is not 
equal for all steels. The C1015 steel’s yield strength is equal to 325 MPa, considered a good 
value, because it will generate projects with reasonable SF values, as we are going to see in 
the chapter 4. 
 
 

 
 

Figure 2 – Isometric view of a pressurized vessel, made using ANSYS 
 
It is desired to know the parameters: D, the inner vessel’s diameter; d, the inner nozzles’ 
diameter; and e, the material thickness, so we got the greater SF. 
 

maxσ
σ eSF =            (2) 

 
Where, 
 

eσ : yield strength of C1015 steel; 

maxσ : maximum Von Mises stress. 
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The parameters’ value ranges are shown below: 
 

)(40001000 mmD ≤≤  
)(20010 mme ≤≤           (3) 

)(500300 mmd ≤≤  
 
 

4. RESULTS AND DISCUSSION  
 
The simulation were performed with the parameters’ value shown below: 
 

• Number of particles in the swarm N = 20; 
• Inertia constant w = 2; 
• PBEST constant 1c  = 1.8; 

• GBEST constant 2c  = 2.2; 
 
Note that for this study, the fitness function is defined to be equals to Eq. (2). It is important 
to say that the choice of this fitness function has been made just for study purpose and it 
doesn’t take in consideration anything but the SF, it could depends, for example, of the mass, 
the volume, the nozzles positions, or even the materials. 
 
There were performed 7 simulations with the parameters above through 50 generations. The 
graphic in Fig. 3 shows one of the simulation’s fitness improvement. 
 
 

 
 

Figure 3 – Fitness improvement 
 

The Tab. 1 shows the parameters’ value: D, d and e in each improvement: 
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Table 1 – Parameters table 
 

SF e (mm) D (mm) D (mm) Generation 

6.8 126.2 1133.4 451.0 0 

7.4 173.8 1190.2 472.1 1 

8.2 198.9 1200.8 487.9 4 

8.5 172.1 1055.8 435.0 7 

8.7 197.2 1094.4 467.1 18 

9.6 199.7 1013.2 408.5 30 

 
 
An analysis is made in order to elucidate the results presented above, explaining how the 
geometry has been improved in terms of the SF. It is known that the maximum stress 
normally occurs at stress concentrators [8], and on the problem that is being studied here, the 
maximum stress is actually located at this point, which is the joint between nozzles and the 
vessel. Because of stress concentrators at these points, reinforcements, or a greater thickness 
are used, but for the purpose of this work, there is no necessity to implement this practices. 
As the nozzles concentrate less tension, a lower maxσ  is obtained, increasing the SF. Fig. 4 

shows a simulation result at this point, and the view is from the internal part of the vessel. 
 
 

 
 

Figure 4 – The stress concentrator is located at the nozzles 
 
For this problem, as the nozzles diameter value d gets closer to the vessel’s diameter D, the 
geometry of stress concentrator turns to be softer and a maximum Von Mises stress tension 

maxσ  gets lower. In other words, as the relation D/d gets lower, the SF tends to increase, as 

Fig. 5 show us. 
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Figure 5 – SF vs. D/d 
 
 
Another analysis is to show how the thickness has interfered in the SF, this can be seen in the 
Fig. 6: 
 
 

 
 

Figure 6 – SF vs. e 
 
 

In this graphic is evidenced that as the thickness grows, the SF grows as well, and it gives 
sense to this simulation according to Shigley. 
 
 

5. CONCLUSIONS 
 
It is shown in the Tab. 2 the relation of the best fitness achieved from each simulation, the 
average of these values and the standard deviation between them. 
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Table 2 – Fitness results 
 

Simulation 
Max 

fitness 

1 9.6 

2 8.6 

3 9.3 

4 9.5 

5 9.1 

6 9.0 

7 9.2 

Average 9.2 

Standard 

Deviation 
0.3 

 
 

Viewing this data is possible to say that the PSO code is giving us conclusive and robust 
values about this optimization problem. 
 
The average and the standard deviation shows us that PSO solved the maximization problem 
in a robust way. The association between ANSYS and PSO allow acquire optimized 
mechanical solutions of components that can represent a meaningful increase of efficiency 
and security. 
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