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ABSTRACT 

DESIGN PROCESS OPTIMIZATION 

WITH EVOLUTIONARY ALGORITHMS 

 

 

Bartosz Kamiński  

University of Houston-Clear Lake, 2018 

 

 

 

Thesis Chair: Ki-Young Jeong, Ph.D. 

 

 

In this thesis, a multi-objective evolutionary algorithm is proposed to improve car 

wheel design. Designing such a high-end product often includes various goals. In order to 

achieve an optimal solution, there has to be made a compromise between crucial factors 

like strength, cost, and mass. Tremendous amounts of possible solutions make it 

extremely challenging for an engineer. Therefore, the multi-objective genetic algorithm 

with bi-directional evolutionary structural optimization method is used to improve the 

design process of a car wheel with detailed design requirements. The car wheel will be 

evaluated in sophisticated CAD software – SolidWorks. Finite element method with 

static analysis will be conducted until an optimal solution has been discovered.  
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CHAPTER I: INTRODUCTION 

 The main goal of production enterprises is to launch products that are 

competitive and gain recognition on the market. Only the product with the required 

properties and the right quality will be able to gain the recognition of consumers. The 

designer's tasks include determining and introducing the product such features that will 

be able to guarantee its competitiveness. 

The production activity of each enterprise uses different resources by consuming 

them or processing them to obtain the final product. As a result of manufacturing 

processes, a lot of waste is generated, which, if introduced into the natural environment, 

causes its degradation. Also, it is more and more common to use a significant amount of 

plastics that are harmful to the environment. The development of consumption, 

continuous introduction of new products to the market, shortening the product use time 

cause a continuous increase in the consumption of raw materials and a rapid increase in 

the amount of waste. 

It can be noticed that decisions are taken at the design stage, which affects the 

amount of waste in the production process, the type of materials used, the possibility of 

subjecting the used product to the dismantling process, etc. The new approach to creating 

products is eco-design, the assumption of which is to deliver products to the market as 

much as a possible minimum environmental burden throughout the life cycle, as well as 

the possibility of managing the used product. 

Innovative technologies are considered the most important factors for the 

development of modern enterprises. In long time horizons, innovative production and 

organization strategies bring more than 68% of effective market access [1]. This means 

an excellent business climate and the further development of innovative technologies and 
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products. According to the above sources, innovative technologies create the most 

important indicators of competitive production, namely: 

⎯ Cost reduction up to 70%, 

⎯ Up to 25% improvement in quality, 

⎯ Increase in production flexibility to 89.5%, 

⎯ Product innovation up to 100%, 

⎯ The innovation of technology up to 70.6%, 

⎯ Productivity and product range extended to 64.7%, 

⎯ Improvement of the influence of external economic indicators to 44.4%, 

⎯ Penetration on the international market to 58.8%. 

In turn, among the most important stages of implementing innovative processes, 

the following should be considered as the most important: 

⎯ Proper evaluation of the idea (innovative idea) - 14% success of the 

intentions, 

⎯ Implementation of an innovative project – 36% of success,  

⎯ Market application and implementation 34%. 

Generally, products and processes that are less than two years old are considered 

innovative. In large corporations, it is a continuous demanding development of its own 

products and technologies based on its own research and development centers. In small 

and medium-sized enterprises there are no resources or personnel for such activities. 

They can rely only on external institutions, i.e., Polytechnics, Research and Development 

Centers, etc., which, as a rule, specialize in scientific and research activities in the field of 

new technologies, cooperating with them towards the implementation of new products. 

The issue of the methodological description of the product lifecycle can be 

reduced to several important aspects [1]: 
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 Marketing design, covering the most important features of the future product, 

which will be the basis of marketing research. Therefore, functional features of a new 

product are defined in cooperation with the customer. 

 Structural design, includes the design and construction of a new product. 

Technological design, aiming at the description of implemented technological processes 

along with the necessary auxiliary processes. 

 Planning of manufacturing processes, includes normative planning of necessary 

resources and deadlines for execution of orders and securing production infrastructure. 

The above stages of product development are called in the engineering 

nomenclature technical preparation of production. They are characterized by the fact that 

geometrical models, as well as information and data adequate to them are processed 

during engineering planning and design activities. At this stage, we have ready 

production documentation, and on its basis, a decision on the method of manufacturing 

should be made.  

Statement of the problem 

At present, the basis for designing industrial products is to conduct extensive 

initial studies. An analysis of existing products from an interesting group designer is 

carried out. The analysis concerns exploitation, construction, internal construction, 

production costs and volume, production technology, etc. The initial studies aim to gather 

information about products from a given group on the market, their properties, market 

sizes, customer preferences, etc. As a result of studies and preliminary work, a few design 

concepts are usually created in the form of preliminary diagrams, sketches or 

descriptions. Studies and preliminary work are usually indispensable when developing 

new constructions, which deviate significantly from those used so far. The concept of 

new construction can arise as a result of analogy to existing designs or based on research 
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and experimental work, or finally thanks to the original idea, which is the source of the 

imagination, known laws of science and personal experience of the designer. Complex 

constructions are most often created as a result of a combination of several of the 

mentioned sources of the concept. It may happen that the idea for a new product may 

appear suddenly, unexpectedly, but usually, the concept requires some time of maturation 

and crystallization [1]. Design assumptions are made for the designed product, defining 

what functions the product should perform. On this basis, a general product concept is 

developed. The shape and dimensions of the designed product are determined, the 

characteristics of the product's functional properties (for example power, power 

consumption or other resources) are given, and limits are established, resulting from the 

applicable standards and directives. Suitable materials with specific physicochemical and 

technological properties are selected, which will guarantee the required durability of the 

product or its components. At this stage of designing, close cooperation between the 

design designer, constructor and technologist should take place, because then very 

important decisions regarding the construction are taken, i.e., whether it has welded or 

glued joints, to what extent should it be necessary to reach for new technologies or 

materials. The constructor strives to provide the best performance and technical 

characteristics of the designed product. The technologist should advise the designer in the 

area of construction's technology. Therefore, such parameters relevant to the construction 

of the load state, material, stability and relations of the quantities related to and 

interacting with each other in the structure are determined [2]. 

After designing the construction, further design works are undertaken: prototype 

construction, prototype testing, technical design development, preparation of 

implementation documentation, development of operational documentation. The 

implementation of the prototype includes activities aimed at obtaining a ready model of 
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the designed product. Virtual prototypes, which exist only in the computer memory, 

created using special computer programs and physical prototypes that have most of the 

characteristics of the designed product, can be distinguished. Laboratory prototype tests 

allow to check theoretical assumptions about the object, make observations, perform 

product analysis or reduce research costs. They make it possible to detect constructional 

errors and give the possibility to estimate the utility values and behavior of the structure 

in conditions selected for its verification. After the introduction of corrections, which 

were necessary as a result of research on the prototype and after the final approval of the 

prototype construction, a technical design and construction documentation were prepared. 

In this phase, one strives to achieve such features as technological construction (ease of 

production), low cost (with a reduction in the number of materials and man-hours), good 

use (ease of use), etc. The cooperation of a technologist with a constructor at this stage of 

the work primarily concerns the determination of technology construction, selection of 

starting materials, structure, and properties of the surface layer of individual parts as well 

as the method and conditions of assembly. The role of the design designer is also 

important here. Production analysis of the product is carried out, aiming at its division 

into groups of semi-finished products that can be realized using similar technological 

processes. The structure of the machine park is analyzed, defines the possibilities of 

internal and external cooperation. The designer of the product should be in constant and 

close contact with the process designer (technologist). 

On the basis of construction drawings, the technologist develops operation cards, 

circulation cards, tool drawings and instruction sheets containing a detailed description of 

technological operations. Working drawings for industrial production are subject to 

additional checks and verifications. During the development of the technical design and 

construction drawings, attention is paid to such factors as: compliance with applicable 
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standards and directives, use of standard materials and parts, use of parts and materials 

already used in other manufacturing processes, minimization of dimensions and reduction 

of the number of parts included in the designed product, reducing operating costs by 

minimizing the need for servicing, ensuring the highest possible reliability of the product, 

meeting ergonomic requirements. 

The final stage of designing a new product is the creation of a series of product 

information. The information series allows you to examine the behavior of a new product 

under various operating conditions. For this purpose, the products are directed to 

specially selected groups of users who will be able to identify significant differences in 

the behavior of the product as a result of changes in the operating conditions. Such series 

also allows checking the correctness of technological processes of machining and 

assembly, as well as technological equipment, which has been designed for the 

production of the product. The constructor is ultimate to verify the construction and 

technological documentation, which after the corrections are submitted to the production 

department. Currently, eco-design is increasingly used. "Eco-design is a new approach to 

product design and involves identifying environmental aspects related to the product and 

incorporating them into the design process at an early stage of product development" [3]. 

The pro-ecological design is a way to provide such goods that are produced using 

technological processes that avoid the use of hazardous substances and the production of 

harmful waste. The raw materials used in production should be renewable, including the 

possibility of reuse [4]. 

The process of designing ecological features of the product depends on one hand 

on the specificity of the company in which it takes place, and on the other hand on the 

product itself. The product design and development process is dynamic and some stages 
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are implemented concurrently. In individual stages, ecological factors are taken into 

account and their impact on the environment is analyzed. 

The introduction of ecological aspects to the design process is the more effective 

the earlier it takes place. Changes to the assumptions at later stages of the design process 

or the necessity to adapt the finished project to meet ecological conditions are difficult as 

they are burdened with the previously developed concept.  

 

Figure 1.1 

Spending on new product development [5] 

 

It is very easy to understand from Figure 1.1 that most significant costs come 

from the prototyping and product development. Therefore, it should be a field of 

extensive research in order to improve the situation. 
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Continuous, sophisticated process of car wheel design shows Figure 1.2. This 

very time-consuming process will be a target for improvement.  

 

Figure 1.2 

Example of steps involved in car wheel design [6] 
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Trends in improvement 

The workstation is today an essential tool for engineering design. Finite element 

method is a critical element of product design. Currently, tools are available that allow 

FEA to routinely use a non-specialist in product design, thus increasing user productivity. 

These tools have significant potential to improve the competitiveness of the engineering 

industry [7], and universities now incorporate these tools into their curricula [8]. They see 

that more and more companies are investing in this technology because it allows for a 

faster reversal of the project, reduction of material and labor costs, and these savings 

justify the investment. The engineer has the following tools available in the design of 

new products historically [9]: 

 

⎯ Experience and intuition 

⎯ Handbooks 

⎯ The elusive exact solution 

⎯ Numerical methods 

⎯ Artificial intelligence 

 

A high percentage of product design. Today, he uses experience and intuition. 

This method is a very valuable resource in any design office. Manuals are also important 

when complex projects are required. An exact intangible solution refers to the design 

using partial differential equations. They are almost impossible to solve. If the problem is 

significantly simplified, you can find a problem. Numerical methods are popular among 

the engineering community, but not in the case of mathematicians. This is due to the 

numerical form and the exact solution. Development of technologies that affect the finite 

element of analysis [10]: 
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⎯ User interface. 

Modem systems have the ability to guide new users through the analysis. The 

current trend is to use interactive graphics prompts. Help commands are online making 

them a lot more to the user. 

⎯ Graphics 

Modem systems have the ability to lead new users through analysis. The current 

trend is the use of interactive graphical prompts. Help commands are online, making 

them more accessible to the user. 

Interactive graphics are an important tool in FE packages in both pre-processing 

and later. Current trends include visualization of 3D volume, animation, and display of 

high-quality X-Y data. Future 

graphics lead us to a more interactive environment in which users can access 

mobile 3D models to explore many aspects of behavior [11], 

⎯ Solid modeling 

Solid models can be used to automatically generate a mesh in FE packages. This 

is currently available, but improvements are constantly being made, and more and more 

CAD model models are being used this way. 

⎯ Project optimization 

The current project optimization procedures allow optimizing practically every 

aspect of the project, including shape, stress, weight, and temperature within the natural 

frequency range. In the future, project optimization will become a common practice, not 

an exception [12], 
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⎯ User access 

In the future, FEA programs will have to support users with advanced analytical 

needs and provide interfaces for this purpose. 

⎯ CAD interfaces 

Customers have been demanding open standards for many years, enabling users to 

access many systems. UNIX and MS-DOS systems are currently accepted as standards. 

For a sophisticated representation of geometry, NURBS (inconsistent rational B-splines) 

becomes an industry standard. 

⎯ Interfaces with other engineering packages 

Now, the ability of FEA packages to connect to other packages allows the user to 

choose the "best-in-class" software. The interfaces were created using kinematics, plastic 

molding, crash analysis, etc. In the future, two-way data exchange will allow data 

exchange with many other packages, such as stereolithography and three-dimensional 

laser sintering. Finite element analysis is not used to design cheaper products. This is 

because software and hardware can still seem costly to a smaller company, and the 

benefits of FEA are not always immediate, which makes it harder to justify than 

production equipment. Management commitment, engineering knowledge and relevant 

software and hardware are equally necessary to implement production Commitment to 

manage FEA is needed because FEA requires long-term investments, which is why 

technical managers have to take FEA into account in advance to design in the same way 

as the machine is considered the initial cost in p Introduction [13] 

 

 

 

 



 

 

12 

 

Methods of artificial intelligence in production engineering 

The use of artificial intelligence methods in production engineering requires 

precise definition of problems in this field of science as well as selection 

the methods of artificial intelligence appropriate to solving them. As numerous 

examples show, the application of these methods in industrial practice gives positive 

results in both technical and economic sense. The basic ideas of selected methods in the 

aspect of production engineering are presented below. 

Expert systems ⎯ Technical fields based on huge data sets require that adequate 

knowledge in the field of process design and their parameters be easily accessible and 

public. Expert systems created in accordance with the principles of knowledge 

engineering ideally meet the above criteria. Therefore, these systems are characterized by 

high applicability in this area of applications. They are widely used in the optimization of 

many production processes. 

One of the exemplary applications of the expert system is the process of 

diagnostics of numerically controlled machine tools. The problem of diagnostics, 

numerically controlled technological machines is a very important issue for ensuring the 

quality of production processes. First of all, it requires the gathering of knowledge and 

experience at a level difficult to achieve for non-specialist engineers in this field. The 

solution to this problem is a structured expert system filled with specialist knowledge 

[14]. An example of such a system may be the system implemented at the Asia Institute 

of Technology in Bangkok, Thailand [15]. 

Neural networks ⎯ A typical area for applications of neural networks is primarily 

the whole of issues related to image recognition. Networks allow you to classify, group 
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and process the image. In this field of application, the following specific tasks can be 

observed in the literature for solutions that neural networks can successfully be used for: 

⎯ self-association, consisting in the reconstruction of a blurred or falsified 

image based on a set of patterns; 

⎯ heteroasociation, i.e., the task of linking input images with images 

generated as an output; 

⎯ classification is the task of assigning input images to appropriate defined 

sets as a class. The classes were generated based on the patterns obtained 

from the collected data. 

⎯ regularity detection, answers the question about the appearance of 

important features of input images. Then the groups the identified 

properties according to similarity without first knowing the patterns 

describing the classes. 

In production engineering, neural networks can be used, among others, to solve 

such problems as the grouping of constructional forms of machine elements. Recognition, 

using a neural network, allows finding similar elements in given geometric models and, 

thanks to this, use the already existing design and construction processes for similar 

elements. This allows you to reduce the costs of creating subsequent processes. 

Additionally, through the use of neural networks for component positions, the knowledge 

needed to group them is obtained, and thus the construction process of products in the 

group technology description of machine parts is improved [16]. 

Semantic networks ⎯ find application in the area of storage problems, the 

structure of objects and connections between their features, as well as allow you to 

compare features by implementing fuzzy logic elements. The notion of semantic network 

evolved from the concept of semantic memory, which defines the way of remembering 
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based on the association of subsequent elements, thanks to which, after applying the 

appropriate type of relation, we gain connections between individual issues. Hence, 

semantic webs are perceived as the development of the record of knowledge in the form 

of rules and statements; it gives the opportunity to determine the relationship between 

facts. This fact may be a feature of the described element. What's more, networks have 

the ability to determine the properties of objects on the basis of parent objects. The 

network is organized by such types of relationships as: "have property", "located", 

"whether it is a part". The structure has the ability to supplement information and enrich 

the network by introducing weights, which allows the transfer of more complex 

knowledge. These properties are ideal for recording knowledge in production 

engineering, which must deal with the management of huge amounts of technical 

information. This method allows to create oriented descriptions of elements, as well as to 

make porosities. It is worth emphasizing the use of the semantic network method is the 

method of determining production costs. Defining a clear relationship between individual 

elements of the production process allows you to accurately and unambiguously assign 

costs to its specific elements, or specify a general cost based on unit costs. What is 

particularly important from the perspective of economic calculation of the financial 

dimension of production [14]. 

Genetic algorithms are a tool to optimize the purpose function (also called the 

match function), by searching the solution space. 

It can be any function saved in any way. Nevertheless, it is important to calculate 

its result after substituting the value. Common features of genetic algorithms, which de-

differentiate them from other traditional optimization methods, are: 

⎯  The use of genetic operators, which are adapted to the form of solutions. 



 

 

15 

⎯ Processing the population of solutions, leading to a parallel search of the 

solution space from various points of the state space, in order to direct the search process 

with sufficient information is quality current solutions. 

⎯ Deliberate introduction of random elements. Classic genetic algorithms start 

searching the solution space from contractual values selected randomly, optimizing with 

the next step [9]. An example of the application of a genetic algorithm can be a system of 

selecting the appropriate parameters of the treatment based on experimental data using 

the optimized alpha - beta regression model optimized using statistical methods. By 

means of regression, the models are determined, which then optimizes with the use of 

evolutionary calculations. The symbolic alpha-beta regression was used to build 

mathematical models by estimating the distribution of the algorithm. The system was 

tested on two processing processes in the field of several types of production. The 

obtained results were satisfactory because the system generates a set of parameters that 

improve the process of processing [17]. 

New methods of artificial intelligence 

The development of modern technologies such as big data, cloud computing, and 

Google Prediction opens up new perspectives for the application of artificial intelligence 

methods within production engineering, especially in the field of managing large data 

sets, self-learning systems and predictions. Currently, these technologies are widely used 

in business areas, financial systems, business intelligence and others. It can be expected 

that along with the development of knowledge the use of such methods will also appear 

in the framework of production engineering. 
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Purpose of the Study 

The purpose of this study is to design and examine the possible impact of 

alternative method of product development and prototyping using evolutionary 

algorithms approach. Subsequently, the researcher will make an attempt to identify the 

upsides and downsides of this approach and discuss findings. The findings of this study 

might have impact on how the development process will be managed and how the 

products will be developed. 

Research Questions 

 

Table 1.1 

Research questions 

No. Question 

1 What are the possible gains in terms of product cost? 

2 What are the possible gains in terms of time savings? 

3 What are the limitations? 

Assumptions and Limitations 

Assumptions: 

1. We do poses a technology to produce any shape, 

2. Materials used to study are technically perfect – fulfilling all the theoretical 

assumptions related to mass, strength, elasticity, etc., 

3. There are no limitations towards output shape – optimized product must only 

sustain basic purpose functionality, 

4. Fitness function are absolute measurement of success, 

5. Design do not have any moving parts. 
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Limitations: 

1) Conclusions are probably case-limited. Depends on a shape and fitness 

function possible savings in time, money and imitations may vary.  

2) There is significant limit of calculation power due to hardware (mobile 

work station) 

3) Limitations on types of materials – no way of creating own alloys.  

4) Limitations due to used techniques and software (due to using free/student 

version of software many functions are disabled).  

  



 

 

18 

CHAPTER II: LITERATURE REVIEW 

Characteristic of decision-making processes in design 

The basic design problem is that designers are forced to use current information to 

predict the future state, which will not happen if these predictions turn out to be wrong. 

When making design decisions, it is extremely important to predict the direction of 

market development and the expectations of future users. The designer is guided in 

making decisions by logical factors, shaped by his knowledge and skills, as well as 

psychological factors, to which his character, emotional state and the influence of the 

environment belong. 

In order to make the right decisions, the designer should demonstrate first of all 

the ability to use information and the ability to see analogies in phenomena or problems 

of different and seemingly similar to each other, which will allow to use information 

from projects previously carried out and consequently may significantly shorten the time 

of the project, avoid errors committed in other projects, etc. [18]. 

A number of decisions are made during designing. The most important in 

designing are decisions regarding the selection of variants of design solutions, they have 

a fundamental impact on the quality of design. Not all decisions are equally important 

and not all have the same degree of difficulty and responsibility. Most of them influence 

the design process is insignificant. Some are decisions resulting from earlier or resulting 

from binding norms and directives. In all of these phases, the decision-making process 

should include the following stages: selection of criteria and determination of their 

validity, specification of the expected features of individual solutions due to specific 

evaluation criteria, comparison of solutions based on their anticipated features and choice 

of final solution [19]. 
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Undertaking design decisions is aimed at finding a solution variant that will either 

influence the achievement of the most favorable result with specific measures used to 

achieve it or leads to the minimization of funds to achieve the assumed goal. The 

decisions made can be quantitative or qualitative. Decisions of a quantitative nature are 

defined by a specific numerical result. They can be divided into decisions made under 

conditions of certainty, risk or uncertainty. Comparison of solutions is possible when the 

assessment criteria are expressed in the same units of measure. Decisions taken under 

conditions of certainty are design decisions for which the probability of choosing a given 

evaluation criterion is certain, i.e., equal to one. From the set of variants for a given state 

of the environment, the optimal variant is chosen in this case. In the case of decisions 

made under risk conditions, there is a possibility of occurrence of more than one of the 

possible environmental conditions for each of the solution variants. A risk is considered 

to be a situation in which the elements influencing the decision are known with a certain 

estimated probability. And so, when considering whether to decide on the use in the 

production of new, previously unknown material, the designer has at his disposal 

estimates of expected profits. However, even the best specialist will not guarantee that we 

will get just the profit that results from the estimates. Decisions taken under conditions of 

uncertainty are decisions when it is impossible to determine the probabilities of selecting 

the criteria for the assessment by number or to rank them. The decisions taken in 

conditions of uncertainty are made when the information regarding future situations is 

subject to a big mistake. For example, if you are considering starting a completely new 

production, you face difficulties in making decisions, especially when it comes to a long 

period of time or a high financial outlay. The producer cannot predict the consumer's 

reaction to the designed product due to the consumer's lack of familiarity with the 

product. 



 

 

20 

In making decisions, one should also take into account the fact that the competitor 

modifies his previous decisions and tries to predict the decisions his competitors make. 

There are decision-making criteria for which the use of a quantitative assessment is 

impossible or very difficult due to the fact that the evaluation criteria or results of the 

decision cannot be quantified. An example here may be criteria such as reliability or 

work safety. A qualitative assessment is used in such cases. When designing a pro-

ecological product, ecological thinking, that is, technical thinking, which takes into 

account the ecological effects of the creation and functioning of the product, is of 

fundamental importance to the decisions made. The integration of the design process with 

environmental aspects is described in the several ISO standards. The results of each stage 

of the design process should be collected and transferred to the next one, which allows 

for verification and introduction of product improvements both in technical and 

ecological terms. The first phase of such advanced design, which is planning, should start 

with the analysis of factors occurring in the traditional approach to design such as market 

situation, consumer needs and expectations, and competition. In addition to these factors, 

it is also necessary to take into account the environmental requirements set by applicable 

standards and legal provisions. All of them have a significant impact on the designed 

product and can be taken into account when making decisions in relation to internal 

resources (financial resources, production technology, data availability, suppliers' 

capabilities, availability of components, components or materials). The next stage is to 

create a conceptual design that takes into account the environmental aspect. Information 

sources such as material guidelines and checklists, information related to assembly and 

dismantling, data related to material recycling, a database of materials used in production, 

literature, integration of environmental management with the design and development 

process [20] can be helpful here. 
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The effect of this stage is to create one or several concepts that best meet all the 

previously specified requirements. The detailed design stage should take into account: 

improvement of efficiency by minimizing the use of materials, use of materials with low 

environmental impact or use of renewable raw materials, reduction of energy 

consumption or use of energy obtained from renewable resources. During the research on 

the prototype, the project is checked in detail in terms of environmental requirements. At 

this stage, it is possible to perform tests taking into account the properties of materials, 

wear resistance, quality, functionality and time of use. When the product is placed on the 

market, appropriate information for future consumers must be prepared. They must 

contain data on the possibility of minimizing the negative impact of the product on the 

environment during its operation, the importance of recycling, handling the product after 

its end use. On the other hand, customers' opinions are collected from the market, which 

will be used to improve future versions of the product [20]. 

The design of new car parts [21] is carried out according to a strictly defined 

procedure. To identify the best and most promising idea for a new product, research is 

being conducted on the direction of product development in the car industry. To this end, 

the development trends on the market are analyzed, competition is observed and the 

development of new technologies is monitored. When the niche market is noticed, the 

consumer's needs and requirements related to the new product must be precisely defined. 

In the event that specialists notice the actions of competitors that differ from their own, 

but at the same time those that have been recognized by consumers, try to precisely 

define them and try to implement them as much as possible in the company. In turn, 

when a new technology is developed as a result of the development of science, the 

company may try to implement it for the production of its products. 
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The first part of the new product design procedure is structural design (Figure 

2.1). We can distinguish in it: development of the product concept, specification of new 

product parameters, appointment of a working team, acceptance by the team of the 

product concept, setting the project implementation schedule and carrying out 

construction works. At the stage of designing a new product, the following is determined: 

what function the new product should fulfill, taking into account the requirements of the 

consumer, the purpose of the product - determining the target group, working conditions 

(state of stress resulting from the way the part is loaded, temperature and others), shape 

and dimensions of the product and material. 

Therefore, in the concept phase, decisions are made about which product should 

be manufactured, what its utility parameters should be, what methods should be 

produced, what should be made and what materials should be made of. A working team 

is created, consisting of mechanics, electricians, electronic engineers and IT specialists, 

who determine whether specific requirements can be achieved under the conditions of a 

company producing a household appliance. In case of positive consideration of the idea, 

the project is accepted as feasible. 

The next step is to develop a project implementation schedule. At this point, the 

costs necessary to implement the project and the deadlines necessary to carry out 

activities related to the entire project process are specified. The project should be 

profitable, and the deadline should be as short as possible. When the cost of the project 

and the time of its implementation are determined, the project is entered into the calendar 

for the upcoming planning period. From that moment, supervision over the 

implementation of the project is entrusted to the Project Manager. He is responsible for 

establishing a group of specialists who will deal with the development of a technical 

project. 
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A group of constructors is working on creating a general outline of a new product. 

At the beginning, the general scheme of the designed device should be determined taking 

into account the requirements specified at the concept stage. Next, the constructors decide 

which assemblies and subassemblies must contain the device in their construction, so that 

the appropriate functionality of the designed product can be ensured. 

 

Figure 2.1 

First stage of the product development  
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It is known that, for example, the alternator is built from a housing, inside which a 

coil is located, power system, control system, etc. The constructor's tasks include making 

decisions about the product's parameters, energy class, power, energy consumption, spin 

speed, etc.). 

Depending on the group to which the finished product belongs, materials with 

appropriate strength should be selected.  

The constructors specify for each component the specific elements that make up 

it. Then, in cooperation with technologists, they determine the exact shape, size, material 

from which it is to be made and the manufacturing technology for each detail. The 

selection of the right material along with the appropriate technological process, allowing 

to obtain the desired shapes and dimensions, is of key importance to ensure the highest 

possible durability of the product. The basic factors determining the choice of material 

include: mechanical properties, blank shape, resistance to corrosion and degradation as 

well as aesthetic considerations. 

The choice of material takes place in four consecutive stages. The first is to 

determine whether the element is to be made of steel, plastic, ceramics or composite 

materials. The next step is to determine the method of shaping a particular element, for 

example, whether a plastic element belongs to a group of thermoplastics or thermosetting 

plastics. The third stage is limiting the choice to a strictly defined category of materials, 

for example in the case of metal alloys; it is determined whether the element is to be 

made of alloy steel for thermal improvement, heat-resistant steel or aluminum alloy. The 

final stage is the selection of a specific material with the indication of it 

Each specific shape of the element imposes material requirements resulting from 

the occurrence of stresses due to the element load and material strength. The relationships 

between the shape of the element and the material characteristics can be determined by 
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deterministic or probabilistic methods. In the deterministic method, the average values of 

stresses, dimensions, and strength are assumed for the calculations, and the expected 

variability of these parameters is calculated based on the results, taking into account the 

relevant safety factors. In the case of a probabilistic approach, the respective distribution 

of variability is assigned to particular parameters. Using the acceptable margin of safety, 

the permissible value of the cross sections or the minimum strength is determined. 

After determining the shape and dimensions of the individual components 

included in the components, it is necessary to consider the conditions of connection of 

individual parts. It is necessary to set the tolerances and fits of the elements cooperating 

with each other, as well as to determine the connection method of the other elements. 

Here, the decision is made whether a separable or fixed connection should be used and 

the fixing method should be specified precisely. The aim is to maximally use separable 

connections, mainly helical ones, which will allow for easy servicing of the device in the 

future and easy disassembly after withdrawal of the product from use. 

The next stage of the design process is the feasibility study of the designed 

product - technological design (Figure 2.2). It should be determined whether the 

assumptions contained in the technological design are possible to achieve with the use of 

machines and devices owned in the plant. It should be specified whether the company is 

able to produce a product with specific requirements and what resources would be needed 

to implement the production process of a new product. 

At the moment when all requirements are accepted as feasible, a digital prototype 

of the product is developed. 
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Figure 2.2 

Second stage of product development  

 

The group of constructors develops the model of the product using computer 

programs. The project's creators are divided into subgroups in which digital models of 

individual components are developed. A separate group of designers is tasked with 

creating a prototype of the digital housing, i.e. the element that is responsible for the 

aesthetic values of the designed product. The final stage of creating the prototype is to 

merge the components together by adding missing elements. 



 

 

27 

In parallel with the work of constructors, a group of electricians is working on the 

creation of the entire electrical system if there is a need of one, ensuring efficient 

connection of components and a group of IT specialists, developing the control of the 

entire device. 

The finished prototype is subjected to a series of tests using virtual simulations. 

First of all, the effects of notches and concentration of stresses are examined as factors 

that increase the sensitivity of devices to damage. Conditions such as cyclical loads, high 

or low-temperature operation, the presence of corrosive agents (including water) and 

cracks due to stress corrosion can pose particular hazards to equipment damage. These 

tests are particularly important due to the fact that most of the damage caused by material 

fatigue arises as a result of errors in the construction of the elements. Research is also 

carried out in terms of the consequences of possible equipment failures. It is not allowed 

to damage the element that could cause a direct threat to life or injury to the user. If it 

turns out that the prototype does not meet expectations, it is necessary to make changes to 

the technical design. Elements that are a source of potential threats should be 

reconsidered in terms of construction and technology. It may turn out that it is necessary 

to change the assumptions of the project or change the prototype of the product. 

Simultaneously with the prototype tests, it is checked whether the project costs 

exceeded the expenditure assumed in the schedule. If it turns out that the costs of a new 

device may be too big, one should check where it is possible to limit the expenditures. 

The cost invoice always precedes the purchase of significant technological equipment. 

Costs are one of the basic criteria against which the product's advantages are assessed. In 

any case, when there is a choice between materials or production processes that provide 

the same functional properties of the product, a solution with lower costs is chosen. 
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When both simulation and cost verification results prove to be satisfactory, a 

decision is made to produce an industrial prototype (Figure 2.3). Tools that are necessary 

to produce a trial product are purchased and have not been used in the company so far. 

The prototype production process begins. The industrial prototype makes it possible to 

carry out any research related to the safety check of the product. If the inspection 

proceeds negatively, changes are made to the prototype until satisfactory results are 

obtained. A prototype that meets the safety requirements is passed to the technology 

department to supplement the technological documentation with the results obtained at 

the industrial prototype testing stage. 

On the basis of documentation, the so-called information party. It is a batch of 

five products that are produced on the production line used in the future for the 

production of this type of products. All stages of production of the information part are 

carefully supervised in order to locate obstacles, errors or defects. If any incompatibility 

or interference is found, they must be removed. In order to investigate the effectiveness 

of making corrections, another batch of information is produced. This operation is carried 

out as long as there are irregularities. When all errors are corrected, the product's 

readiness for servicing is confirmed, the product is checked for compliance with the 

requirements of ISO standards and other standards or directives. 

The final stage of the design process of the new product is the transfer of 

complete documentation to the company's Management Board, which ultimately 

determines the possibility of starting production of the product. 
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Figure 2.3  

Last stage of product development  

 

Characteristic of Evolutionary Algorithms 

Evolutionary algorithms are called algorithms in which the method of searching 

for a solution, i.e., searching through the space of potential solutions (information 

processing method) imitates the processes occurring in the natural environment and the 

Darwinian struggle for survival (survivors are the ones that are best suited to the 

environment). Concepts that are used to describe elements and processes occurring in 

evolutionary algorithms are closely related to genetics and evolution. Generally speaking, 
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the evolutionary algorithm processes the population of P individuals (each individual in 

the form of a chromosome represents a potential solution to the problem). The 

evolutionary algorithm works in a specific environment, which can be defined on the 

basis of the problem solved by the algorithm. Depending on how much a given individual 

(i.e., a chromosome) is adapted to the environment in which it is located, a numerical 

value is assigned to it, which determines the quality of the solution represented by it; this 

number is called the individual's adaptation and is the main evaluating factor. The 

individual contains coded information constituting his genotype, which is as if a "recipe" 

to create a phenotype, i.e., a potential solution to the problem in the decoded form. 

Phenotypes are subject to environmental assessment. We are dealing here with phenotype 

coding by the genotype (in some cases evolutionary algorithms are identical to the 

genotype). In short, the phenotype is the point in the space of problem solutions (the 

value decoded from the genotype), while the genotype is the point in the code space. 

Figure 2.4 shows an example of a binary representation (genotype and phenotype). 

 

Figure 2.4  

Genotype formation  

. 

The steps of the genetic algorithm are [22]: 

1) Creating an initial population, i.e. defining: 

⎯ population – a set of individuals with a specific phenotype recorded in the 

form of a genotype composed of chromosomes (often from one 

chromosome); 

⎯ individual – element of the problem-solving space; 

⎯ phenotype – a set of traits representing an individual; 
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⎯ genotype – encoded phenotype representation (equivalent to genetic 

material); 

⎯ chromosome – ordered sequence of genes (e.g. bits);  

⎯ gene – the smallest unit of the genetic material structure. 

In this stage, a number of elements from the solution space are selected randomly, 

possibly with the help of some algorithm preprocessing.  

2) Iterative part - performed for each population until the condition of retention 

occurs: 

⎯ Determination of the value of the adaptation function (population 

assessment), i.e. the assessment of the individual's quality (solution). The 

solution space is carried out in a set of real numbers. The argument of the 

function is the phenotype of the examined subject. The algorithm aims to 

generate an individual with the optimal value of this function. The value 

of this function is determined for each individual of the population; 

⎯ Selection of individuals for crossing (selection). From the whole 

population, a group of individuals is selected, on which genetic operators 

will work. Specify the size of this group and the method of selection. The 

most popular are: roulette method, tournament method, ranking method; 

⎯ Crossing (reproduction). It is the exchange of genetic material (fragments 

chromosomes) between two individuals of the parental population. As a 

result of the operator's actions there are (as a rule) two new individuals 

and they replace parents in the next population; 

⎯ Mutation. This operator, with a certainly defined probability, performs 

slight change in the genetic code of the selected individual. At the classic, 
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binary chromosomal coding the mutation involves a change in value single 

bit. 

3) Conditions for stopping the genetic algorithm - its fulfillment means 

completion of iteration ASSESSMENT - SELECTION - CROSSING - MUTATION. 

Such a condition may be: 

⎯ exceeding a certain number of iterations (generated generations); 

⎯ exceeding the specified processing time; 

⎯ no significant change (improvement) in the optimal solution by a certain 

number; 

⎯ iteration; 

⎯ reaching a solution with a purpose function of a sufficiently close value. 

 

Figure 2.5  

Pseudocode of a simple genetic algorithm [23] 
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Referring to the structure shown in Figure. 2.5, we can see that the evolutionary 

algorithm. Each subject presents a possible solution of the task under consideration and is 

represented by a (perhaps complex) data structure most often a single-layer chromosome 

[24]. Any solution is assessed on the basis of a measure of chromosome adaptation. Thus, 

a new population (in the iteration k + 1) is formed by selecting the best-adapted 

individuals (selection phase). Certain individuals of the new population are additionally 

subject to transformation (phase of change) with the help of "genetic" operators, thus 

giving a new solution. They may be unary transformations (a type of mutations), in which 

new individuals arise from a small change of a single individual, and multi-argument 

transformations (cross-breeding type), in which new individuals in the form of 

unilamellar chromosomes arise by combining parts from several (two or more) people 

[24]. After several steps of generation, the program (algorithm) coincides and you can 

expect that the best individuals represent a solution lying close to the optimal one 

(acceptable solution). 

Individual representation in evolutionary algorithms 

When creating an evolutionary algorithm, it is always important to choose the 

right representation of individuals. It is important because it turns out that some 

problems, difficult to solve with the help of given representations, can be easy when 

selecting other representations [25]. Classic genetic algorithms use representation in the 

form of single-layer binary strings. In the case of parametric optimization with 

continuous domains, the representation can be in the form of real numbers. Then genetic 

operators operate directly on the search space. In general, the choice of the right 

representation for the problem for which the algorithm is designed remains so far, as well 

as the construction of appropriate genetic operators, a kind of art [26]. Choosing a good 

representation is as difficult as finding the right algorithm to solve a given problem [27]; 
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moreover, it has also been shown [28] that all representations are equivalent if they are 

considered in all possible problems. It can, therefore, be assumed that the best way to 

check whether the right choice has been made is to experiment with whether the selected 

representation is better in a given case than other representations. 

The most commonly used methods of coding individuals are binary sequences, 

and sequences of real numbers. In the case of binary coding, it is important to determine 

the length of such a chromosome to ensure the required accuracy of the solution. Let us 

assume that the goal of the algorithm is to maximize the function of one variable 𝑓(𝑥) =

−𝑥2 + 10, where x ∈ [-1; 1] (xmin = -1; xmax = 1) and demand that the variable x be 

represented in the individual with accuracy not less than α = 0.001. Then the number of 

genes (NG) in the individual must meet the inequality:  

2𝑁𝐺 =
𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

α
+ 1 (2.1) 

means: 

2𝑁𝐺 =
1 + 1

0.001
+ 1 (2.2) 

 

The smallest integer NG that meets the inequality (2) is the number 11, therefore 

each individual coding variable x ∈ [-1; 1] with an accuracy of α = 0.001 will consist of 

11 genes. In the case of coding in the form of real numbers, the number of genes in an 

individual equals the number of variables in the optimized task.  

Adaptation function 

In evolutionary algorithms, the adaptation function is the basic element 

connecting the evolutionary algorithm with the problem being solved. Its main purpose is 

to assess individuals in the population and to distinguish them in such a way that better 
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individuals have a better chance of transitioning to a new population and thus transferring 

their genetic material to the next generation. At this point, it is also necessary to 

distinguish the cost function that occurs in many issues from the adaptation function 

(objective function), which is generally created using the cost function, but other factors 

may also exist. As an example, it is possible to mention optimization tasks with 

limitations, where unacceptable solutions (which do not meet the limitations) should be 

adequately assessed. 

Then, the adaptation function is based on the use of the penalty function [29] and 

includes additional factors related to the failure of the given individual to meet the 

constraints imposed on the problem. Another example is the multi-criteria optimization, 

in which the adjustment function can be created as the weighted sum of the cost function 

for individual criteria, or by giving individuals the appropriate ranks related to their 

"degree of non-commitment" (e.g., optimization in the Pareto sense) [30]. 

For unlimited optimization tasks, the cost function is equal to the adaptation 

function. In order to determine the value of the adaptation function for each individual 

(binary form), the corresponding phenotype should be determined from the genotype of 

the individual. Suppose that an individual consists of NG = 9 following genes 101011110 

and encodes variable x ∈ [-1; 1] with an accuracy of α = 0.001, then the change in 

genotype into phenotype proceeds according to the relationship (dec - means the decimal 

value of the binary sequence): 

 

𝑝ℎ𝑒𝑛𝑜𝑡𝑦𝑝𝑒 =
1 + 1

0.001
+ 1 (2.3) 
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𝑝ℎ𝑒𝑛𝑜𝑡𝑦𝑝𝑒 = 𝑥𝑚𝑖𝑛 + (
𝑥𝑚𝑎𝑥 + 𝑥𝑚𝑖𝑛

2𝑁𝐺 − 1
) × 𝑑𝑒𝑐(𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒) (2.4) 

𝑝ℎ𝑒𝑛𝑜𝑡𝑦𝑝𝑒 = −1 + (
1+1

29−1
) × 𝑑𝑒𝑐(101011110) = 0.36986 

(2.5) 

Such decoded value of a variable (phenotype) is subjected to the function of 

adaptation, the value of which determines the quality of a given individual. In the case of 

maximizing the function 𝑓(𝑥) = −𝑥2 + 10 (from the previous point) the value of the 

adaptation function for an individual with the phenotype determined by the relationship 

(4) is 𝑓(𝑥) = −(0.36986)2 + 10 = 9.86320. 

The choice of the adaptation function is not obvious, because many tasks are 

expressed in a more natural way in terms of minimizing a certain cost function than 

maximizing it. In order to convert the maximization task into a minimization task, the 

maximum value of a given cost function should be changed to the minimum value. This 

is done by multiplying the cost function by minus one. In addition, even if the task 

concerns the maximization of a certain function, it does not guarantee that the given 

function will assume non-negative values for all input arguments, which must occur in 

the case of the adaptation function; for example, the roulette selection procedure used in 

classical genetic algorithms requires that the adaptation of each individual is non-

negative. For this purpose, the adaptation function is shifted. Let f be the original 

adaptation and f means adaptation after shifting, then 𝑓′ = 𝑓 + 𝐶 𝑜𝑟 𝑓′ = 𝑓 − 𝐶. 

Constant C is generally selected so that f takes non-negative values for all input 

arguments.  

Selection 

Selection, also called reproduction, is a procedure for selecting from a population 

of certain individuals to form a new generation in an evolutionary algorithm. The 
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probability of choosing a given individual depends on his adaptation. The more 

adaptation the individual has, the greater the chance that he/she will be chosen for the 

new generation. Reproduction in evolutionary algorithms is closely related to the two 

most important factors: maintaining the diversity of the population and so-called selective 

pressure. These factors are in a sense dependent on each other because increasing the 

selective pressure reduces the diversity of the population (and vice versa) [31]. Too much 

selective pressure (i.e., concentrating the search on the best individuals) leads to 

premature convergence [32], which is undesirable in evolutionary algorithms because the 

algorithm can get stuck in the local extreme. On the other hand, too little selective 

pressure makes the search almost purely random. The aim of the selection mechanisms is, 

among other things, to maintain a balance between these factors [24]. There are many 

selection methods. The oldest (best known) method is a proportional reproduction, also 

known as roulette selection. In this method, the probability of drawing a subject is 

directly proportional to the value of its adaptive function. Each individual responds to a 

roulette wheel with a sector equal to the adaptation value of a given individual divided by 

the sum of the adaptation of the entire population. Turning the roulette wheel, the 

individuals are selected for the new population. 

The procedure in the case of the roulette method is as follows: suppose that the same 

function as the previous point, i.e. 𝑓(𝑥) = −𝑥2 + 10 , where x ∈ [-1; 1] (xmin = -1; xmax = 

1); NG = 9, and that the population consists of 5 individuals, which are shown in Table 

2.1. 
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Table 2.1 

Example population 

N. Genotype Phenotype Value of fitness function (pi) 

1 101011110 0.369863014 9.863201351 

2 111010011 0.82778865 9.314765951 

3 110101011 0.671232877 9.549446425 

4 111110100 0.956947162 9.084252128 

5 100001111 0.060665362 9.996319714 

6 100110011 0.201565558 9.959371326 

7 110001001 0.53816047 9.710383309 

 

In the first step, the total adaptation value (AV) is calculated, which is the sum of 

the values of the adaptation function for individual individuals and is defined as follows 

(NI - means the number of individuals in the population): 

𝐴𝑉 =  ∑ 𝑝𝑖
𝑁𝐼
𝑖=1   (2.6) 

 

For example, in table 1 we achieved: 

AV = 67.4777402  (2.7) 

 

Then, for each i-th individual from the population, the relative adaptation value 

(pwi) is determined, which is defined as follows: 

𝑝𝑤𝑖 =  
𝑝𝑖

𝐴𝑉
 (2.8) 

The relative adaptation value pwi for the i-th subject means the probability of its 

selection to a new population. In order for the roulette selection to be used, it is necessary 
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to determine the values of the compartments on the roulette wheel for individual 

individuals. The roulette range for the i-th subject is [mini; maxi), where: mini = maxi-1 

(for the first mini-individual = 0), maxi = mini + pwi. Table 2.2 shows the determined 

values of relative adaptation pwi and roulette ranges for individuals from Table 2.1 

 

Table 2.2 

Example population with calculated roulette ranges 

N. Genotype Phenotype Value of fitness 

function (pi) 

[mini maxi) 

1 101011110 0.369863014 9.863201351 0 0.146169705 

2 111010011 0.82778865 9.314765951 0.146169705 0.28421176 

3 110101011 0.671232877 9.549446425 0.28421176 0.42573171 

4 111110100 0.956947162 9.084252128 0.42573171 0.560357619 

5 100001111 0.060665362 9.996319714 0.560357619 0.708500098 

6 100110011 0.201565558 9.959371326 0.708500098 0.856095013 

7 110001001 0.53816047 9.710383309 0.856095013 1 

The graduated roulette wheel for the population from Table 2.2 is shown in Figure 

2.6. 

 

Figure 2.6  

The graduated roulette wheel 
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From Figure 2.6 it can be seen that after spinning a wheel with such a scale, the 

highest probability that the "ball" of selection will fall into its sector has individuals with 

14.81 [%] shares in that roulette wheel. Other individuals also have a chance to find 

themselves in the next population, but the probability that this will happen is smaller. As 

a result, better adapted code strings bring more descendants to the next generation. In 

order to carry out the selection of individuals in the new population, AV (times for the 

population from Table 2 AV = 7) should be drawn from the interval between [0; 1). If the 

drawn number is in the range [mini; maxi) then the i-th unit is selected for the new 

population. In the roulette method, the intensity of the selective pressure decreases with 

the successive generations, as more and more descendants get similar adaptation values, 

which makes concomitant such an algorithm difficult. In addition, there are many other 

selection methods. Among them we can list rank (ranking) [33], tournament [34], 

histogram [35] selection, or fan selection [36]. 

The selection methods described above, in particular the roulette selection, can be 

enriched with mechanisms emphasizing the preservation of the best individuals. The most 

known model is the elitist model, in which the best individual is introduced to the next 

generation, bypassing the selection procedure [37]. This is the case if the population loses 

the best adaptation value, then the chromosome introduced replaces the worst individual 

in the population. 

Mutation and cross 

The selection procedure in evolutionary algorithms is the first step in creating a 

new generation. However, in order for the emerging individuals not to be only copies of 

individuals from the previous generation, it is necessary to use genetic operators 

modifying individuals selected by selection. In general, the operators used in 

evolutionary algorithms can be divided into two groups. The first one is unary operators, 
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i.e., operating on a single individual. These operators are referred to as mutations. 

According to the biological literature [38], mutations are changes in the normal DNA 

sequence of an organism (individual) caused by chemical and physical factors or errors in 

DNA replication. Mutations occur in two forms: point mutations that involve a single 

change and larger mutations that involve longer DNA sequences. The major mutations 

include: deletions (rely on the loss of part of the DNA sequence), insertions (occur as a 

result of the incorporation of additional bases from another part of the chromosome), 

rearrangements (e.g. inverted mutation, in which a fragment of the DNA sequence is 

dissected and then incorporated into the same place but in the opposite orientation) [38]. 

Most of the mutations found in the natural world have been transferred to the ground of 

evolutionary algorithms. 

The most popular mutation operators include: even mutation, marginal mutation, 

non-uniform mutation. These operators are performed on a population of genes with the 

probability of mutation Pmut ∈ [0; 1], whose value is one of the parameters of the 

evolutionary algorithm. The mutation operation consists in drawing for each gene in the 

population the number of randm from the interval [0; 1). In the case when for the j-th of 

the gene in the i-th unit randm < Pmut is drawn then this gene is mutated. The simplest 

scheme of mutations (with binary representation of individuals) consists in changing the 

value of the selected gene from 0 to 1 or vice versa, and it is presented in Figure 2.7. 

 

Figure 2.7  

The scheme of the mutation operator. At the top: the subject before the mutation, At the 

bottom of the individual after the mutation [39] 
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When representing an individual in the form of a sequence of real numbers, the 

procedure is analogous except that the new value is drawn from the given range of 

values. 

The second group of genetic operators used in evolutionary algorithms are multi-

operatic operators, called recombination operators. From a genetic point of view, 

recombination is a process that leads to meiosis, during meiosis, of new genetic 

combinations in the DNA molecule (chromosome) by cutting and reassembling existing 

DNA molecules (chromosomes) to form a cross-over point of the DNA strand [38]. In 

evolutionary algorithms, the crossover operation is performed on a population with the 

PCross probability ∈ [0; 1] and consists in drawing for each individual a number randk 

from the interval [0; 1). 

In the case where the i-th  individual randk < PCross, then this individual is chosen 

for crossing. In evolutionary algorithms, the simplest crossbreeding model is simple 

crossbreeding, also known as single-point crossbreeding, whose operating scheme in 

graphical form is shown in Figure 2.8. In general, this operator creates two offspring, 

from two parental individuals, and is defined in the case of single-layer chromosomes. 

 

Figure 2.8  

Scheme of the crossover operator. At top: a pair of parental units, at the bottom: a pair 

of offspring [39] 
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The use of this operator may lead to the creation of degenerates, i.e., descendants 

not belonging to the field of potential solutions or even population that should be 

considered. This is especially inadvisable for tasks with limitations. To counteract this, 

various types of repair algorithms are used that are dependent on the problem being 

solved. In addition, in the field of evolutionary algorithms, many other forms of 

recombination have been created to ensure an effective exchange of information between 

two chromosomes. The requirement to meet this condition causes that cross-breeding 

operators are often adapted to the problem being solved, which reduces their universality. 

A typical example of recombination operators dependent on the problem are cross-

referencing operators PMX (Partially Mapped Crossover), CX (Cycle Crossover), OX 

(Order Crossover) used, for example, to solve the traveling salesman problem, in the 

representation of a chromosome in a path form or when designing topography of 

integrated circuits. 

The importance of mutation and recombination operators is closely related to the type of 

evolutionary algorithm. In the first versions of evolutionary strategies, the search was 

based only on the selection-mutation scheme [39]. In contrast, recombination operators 

play a leading role in genetic algorithms and genetic programming. 

Types of evolutionary algorithms 

The first information on the simulation of evolution processes appeared in the 

years 1950-1960. At that time A. S. Fraser, G. E. P. Box, G. J. Friedman, W. Bledsoe, 

and H. J. Bremermann undertook research on the use of evolutionary systems [40]. At 

that time, the first articles appeared, the purpose of which was to simulate the process of 

evolution taking place in nature. The next twenty-five years is the time when the main 

directions of development of simulated evolution have evolved. There are currently four 

types of evolutionary algorithms, three of which have been independently developed for 
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over thirty years. The family of evolutionary algorithms includes: genetic algorithms 

created by John Holland [43] and developed by David Goldberg [18], evolutionary 

8programming created by Lawrence Fogel [34] and developed strongly by his son David 

Fogel [35], and the evolutionary strategies created by Ingo Rechenberg [36] and strongly 

developed by Thomas Bäck [37,38].  

The algorithms mentioned above can also be called algorithms of evolutionary 

search of the space of potential solutions, and their roots come from such fields of science 

as computer science and evolutionary biology, which is graphically presented in Figure 

2.9. 

 

Figure 2.9  

The origin of evolutionary algorithms [32] 

Evolutionary Search  Evolution Biology Computer science                  

  
 

Genetic Algorithms 

Genetic algorithms are probably the best-known algorithm based on processes 

associated with natural evolution, were created by John Holland as an attempt to explain 

the adaptation processes taking place in the natural environment. The aim of the first 

genetic algorithm was computer simulation of the natural environment [33]. Genetic 

algorithms are more like natural evolution than other methods included in the family 

called evolutionary algorithms. Currently, genetic algorithms are made famous thanks to 

the ability to solve various optimization problems and consistently deliver very good 

results. 
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Genetic programming 

Genetic programming is a relatively new direction of development of 

evolutionary algorithms. It is in a sense a specialized form of a genetic algorithm that 

operates on very specific types of solutions using modified genetic operators. Genetic 

programming (GP) was invented by John Koza [38] as an attempt to find a way to 

automatically generate program texts when the criteria for assessing the correctness of 

operation were known. As the basic programming language, the LISP language was used, 

in which the program is represented in the same way as data - in the form of a tree [20]. 

In this natural way, binary coding (widespread in genetic algorithms) has been replaced 

with woody. The operation of the GP is very similar to the operation of the AG, i.e. the 

populations consisting of some potential solutions are processed. 

Evolutionary strategies 

Evolutionary strategies were invented in Germany in the sixties by Bienert, 

Rechenberg, and Schwefel[20]. The evolutionary design was one of the first areas in 

which they found the application (optimization of tube bend shape). The first experiments 

on evolutionary strategies were not performed with the help of computers. It was not until 

1965 that Schwefel presented the first algorithm based on an evolutionary strategy, where 

the main operator is a mutation that applies to all descendants. It was called by the 

creators a strategy (1 + 1). In this strategy, one descendant is created on the basis of one 

individual, and then a new instant population (1 + 1) is reduced to a single individual, and 

the process is repeated. This strategy, however, exhibits little resistance to local minima, 

which resulted in some modifications of the basic variant such as strategies (1 + λ), (μ + 

λ), (μ, λ). In strategy (1 + λ), λ> 1 children are generated. In the strategy (μ + λ), λ 

descendants are created on the basis of μ individuals, in this way the new (momentary) 

population (μ + λ) of individuals is then reduced in the selection process to individuals 
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and the process is repeated from the beginning. However, in the strategy (μ, λ), λ of 

descendants are created on the basis of μ individuals (the value of λ is greater than the 

value of μ), and in the selection process, a new population of μ is selected only from the λ 

of descendants. In this way, the life of each individual is limited to one generation. It 

should be noted that each progeny in the set λ is changed by a mutation. 

Types of evolutionary optimization 

The methods of searching for the extreme of the objective function can be divided 

into two groups of methods: analytical and numerical. Analytical methods include 

indirect (non-oriented) methods and direct (oriented) methods. Whereas numerical 

methods include (enumerative) methods, approximate methods and random methods. 

Intermediate analytical methods look for local extremes by solving a system of 

equations obtained by matching the gradient of the objective function to zero. Direct 

methods rely on the search for local extremes, and movement in the direction associated 

with the local gradient directs the search. Review methods, characterized by great 

simplicity and naturalness, consist in finding the value of a function in each point of 

space. The approximate methods determine approximate solutions and allow to determine 

the accuracy of this approximation. Random methods do not guarantee a solution and 

even an estimate of the approximation of this solution. However, they enable finding a 

solution with a certain probability, usually growing along with the number of method 

steps. The limitations and disadvantages of analytical and review methods have made the 

methods of random search more enjoyable. 

In this division, the evolutionary algorithms (EA) are naturally in the group of 

random methods. EAs are not random methods in the sense that the method randomly 

searches, nor are they a random scheme based on searching for and remembering the best 

solution. Evolutionary algorithms are methods that use random selection only as a tool to 
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intensify the search process. In comparison with such random methods as Monte Carlo or 

simulated annealing, evolutionary algorithms start from a certain population of points 

(initial solutions), and the process of searching for the global optimum is directed through 

the selection process and crossover and mutation operators. In the Monte Carlo method, a 

uniform distribution is performed, a series of point draws from the solution space, 

remembering the best found so far [20]. In contrast, in the case of simulated annealing, 

the newly generated vn point is remembered when it represents a better solution than the 

one received so far; otherwise, the acceptance occurs with a probability dependent on the 

difference of the objective function in the old vc and the newly generated point vn and 

from the parameter T called temperature according to the rule: 

𝑖𝑓 𝑟𝑎𝑛𝑑[0: 1) < exp {
(𝑓(𝑣𝑐) − 𝑓(𝑣𝑛))

𝑇
}  𝑡ℎ𝑒𝑛 𝑣𝑐 ≔  𝑣𝑛 (2.9) 

Of course, in each step the value of the parameter T is reduced (the algorithm is 

annealed). This algorithm ends with a small T value, which if reached means that the 

system is "frozen", i.e. virtually no changes will be accepted any more. 

An extremely important matter in simulated annealing is the appropriate selection 

of the method of lowering the temperature in subsequent generations. Too fast decreasing 

negatively affects the accuracy of the algorithm, too slow and considerably extends the 

calculation time [20]. 

The variety of optimization methods indicates that there is no one universal 

method that can be applied, if not all, to most optimizations. Each method has a number 

of advantages, but also a number of drawbacks or at least limitations as to its use. The 

effectiveness of a particular method depends on the properties of the objective function 

and therefore one cannot speak of a global method, good for general use. The method and 

its parameters must be adapted to the specifics of the optimization problem being solved. 
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The evolutionary algorithm in literature is referred to as the "last chance method". 

If the knowledge about the problem allows for the formulation of a specialized solution, 

in this case it will be more effective than the evolutionary algorithm. However, if the 

knowledge about the problem is weak or has almost none at all, then only an evolutionary 

algorithm can cope with its solution. 

In total, four characteristics are used in evolutionary algorithms: parameter 

coding, operation on populations, use of minimal information and random operations. 

These features mean that evolutionary algorithms are immune to "ambushes", which 

traditional methods sometimes fall in and give in many cases better results than 

traditional optimization techniques. 

Multimodal optimization 

In the event that optimization seeks to find one global extremum, then it is said 

about unimodal optimization. However, there are also cases when the objective function 

has several extremes or one extreme global and several local extremes. Then it is 

sometimes advisable to search for not one but the whole extremist family of a given 

function. In addition, it is also possible to demand that the number of individuals in 

subpopulations formed around subsequent extremes be proportional to the value of the 

given extreme. To this end, the so-called niche techniques. 

One of the pioneers of using niche techniques in evolutionary algorithms was 

Cavicchio, who in [49] introduced a mechanism called preselection. This method 

consisted in replacing the inferior (in terms of adaptation) of the parents by his offspring. 

Thanks to this, the population could maintain diversity, because the code strings tended 

to replace similar ones. 

The generalization of the pre-selection method was introduced by De Jong in [39] 

the technique of pre-selection in the form of a model with the so-called preload. In this 
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model, mixed (multigenerational) populations are used, with new individuals replacing 

the others according to the similarity criterion. The individual with the smallest number 

of differences on individual items is replaced by the newly created string. 

The most popular method of creating niches was described by Goldberg and 

Richardson at work [40]. The so-called share function that determines the neighborhood 

and degree of participation for each code string in a population. 

There are also methods of deforming the function of adaptation in the 

surroundings of the local maximum. The local deformation idea was originally developed 

for multi-party algorithms whose operation method consisted of running the local 

optimization method several times from a point generated in a random manner. Because 

with this approach, it may happen that the same point being the local maximum is 

reached after each start. In order to change it, it pays to deform the optimized function in 

such a way that it will not allow you to get to the same point again with the next local 

optimization. Modification of the adaptation function is done in a manner depending on 

the maximum of the adaptation function found during the last evolution algorithm.  

Multi-criteria optimization 

In the case where the optimization problem is described by many criteria, then it 

is said about multicriteria optimization or polyoptimization. What's more, simultaneous 

minimization of these criteria may be impossible due to their mutual contradiction. In 

order to compare solutions for which the cost function is a vector, the dominance relation 

in the Pareto sense is introduced [41]. According to it, the vector u = (u1, ..., un) is 

dominated by the vector v = (v1, ..., vn) if and only if: 

∀𝑖 ∈ {1, … , 𝑛}, ∧   ∃𝑖 ∈ {1, … , 𝑛}: 𝑢𝑖 < 𝑣𝑖 
(2.10) 



 

 

50 

It is assumed that the problem of minimizing individual criteria is considered. 

Accordingly, the Pareto-optimal solution is understood to mean one for which there is no 

other solution in the search space, through which it would be dominated [41]. 

One of the simplest methods for multicriterial optimization in evolutionary algorithms is 

the so-called method. weighted sums, which consists in creating a scalar function as the 

sum of the weighted value of individual criteria. Then the problem of multi-criteria 

optimization is reduced to the optimization of the scalar function of the form: 

𝑓𝑐 = ∑ 𝑤𝑓𝑖(�̅�)

𝑘

𝑖=1

 (2.11) 

where wi ≥ 0 are weighting factors representing the relative importance of a given 

criterion. Very often it is assumed that: 

∑ 𝑤𝑖 = 1

𝑘

𝑖=1

 (2.12) 

The advantage of this method is its efficiency (low computational complexity). 

However, the main disadvantage is the difficulty associated with the appropriate selection 

of weighting factors when there is not enough information about the problem. In the 

literature you can find many evolutionary algorithms for multi-criteria optimization. 

Multicriteria optimization with restrictions 

The optimization methods discussed so far with the use of evolutionary 

algorithms are basically intended for solving problems in which no limitations are placed 

on the arguments of the optimized function (this does not apply in general to natural 

limitations such as the definition of the domain of a function). However, most of the 

practical issues, especially engineering, are problems with limitations (e.g. [41]). In 

recent years, many methods have been proposed to take into account the limitations of 

evolutionary algorithms in the problems of parametric optimization. Generally, these 
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methods can be divided into four groups [42]: methods based on maintaining the 

admissibility of solutions, methods based on the use of the penalty function, methods 

based on strict distinction between permissible and unacceptable solutions, and hybrid 

methods. 

Methods based on the application of the penalty function 

In the evolutionary calculations, many optimization methods with restrictions 

apply the concept of the so-called punishment, i.e. punishment of unacceptable solutions. 

Then the optimization task comes down to an attempt to solve the problem without 

restrictions in the set of acceptable solutions using the modified adaptation function: 

𝑒𝑣𝑎𝑙(�̅�) = {
𝑓(�̅�)

𝑓(�̅�) + 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 (�̅�)
𝑤ℎ𝑒𝑛 �̅�  ∈ 𝐹
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (2.13) 

where penalty (x) is set to zero, in the case of non-violation, or a positive value if 

restrictions are violated. Usually a function penalty is based on the distance of the 

solution from the admissible area or on "Effort" to repair a given solution so that it 

becomes an acceptable solution. In both cases, the value of the punishment is the higher 

the solution is it deviates from the area of acceptable solutions or the greater the "effort" 

should be put in his repair. 

Topology optimization  

Topology optimization gives the answer to the question of how to place material 

in a certain space intended for a given construction, so that at the given boundary 

conditions and for a given load the shape of the structure is optimal. The optimization 

process consists in searching for the maximum or minimum value of a function or target 

function while meeting a certain number of limiting conditions. In this work, the function 

determining the susceptibility of the structure will be minimized with some limitations 

imposed on body mass. The optimization will be carried out in a fixed, constant during 
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the process of optimization of the design area, where during this process, sub-areas 

without material and sub-areas filled with material are created. The optimization process 

is a process in which optimization is carried out for each subsequent step for which the 

susceptibility is sought. The final result of the optimization process is the optimal 

material distribution in the design area. 

 

Figure 2.10 

a) solid material description in domain; b) geometric description in domain 
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In this work, the material description of the topology optimization problem is 

used as presented on Figure 2.10. In the design area (marked with a box in Figure 2.10 

a)), the structure is identified by recognizing whether a sub-area is occupied by material 

with specific properties (black) or whether a sub-area is devoid of material (white color). 

This method of description is dominant in literature. In a few works one can meet with 

the geometric description – presented on Figure 2.10 b), in which the construction is 

identified by determining the location of the boundaries of the areas occupied by the 

material (external boundaries) and by determining the position of the boundaries of holes 

in the material (boundaries inside). Optimization of topology is a dynamically developing 

field of science whose classification and terminology are rapidly changing accordingly. 

Since the early nineties, attempts have been made to systematize this branch of 

knowledge. The most up-to-date discussion of problems related to classification, the 

scope of the discussed subject, history and terminology can be found in the works [43] 
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and [44] from 2001. Earlier remarks regarding the main issues analyzed in the topology 

optimization together with some. 

Optimization of topology is divided into two main areas as one can see in Figure 

2.11. 

 

Figure 2.11 

Areas of topology optimization 
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• SIMP (Solid Isotropic Microstructure with Penalization)  

• OMP (Optimal Microstructure with penalization)  

• NOM (Near Optimal Microstructure)  

• GA (Genetic Algorithms)  

• ESO (Evolutionary Structural Optimization)  

• BM (Bubble Method) 
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Layout Optimization (LO) - applies to bar structures. The main problem here is to 

determine the optimal mesh of bars that connect the mesh nodes. Typically, three 

consecutive problems are dealt with here: 

⎯ Optimal choice of spatial configuration of bars and their connections, e.g., 

works [44]. It is worth emphasizing that the results in these works were 

5obtained on the analytical basis,  

⎯ Geometry optimization (determination of the best location of nodes), 

⎯ Optimization of cross-sections of rods. 

Generalized Shape Optimization (GSO) - concerns the optimization of the 

materialistic topology, which can be homogeneous, and can also be a composite. 

Homogeneous bodies also include porous bodies. Optimization is carried out within a 

strictly defined design area, where during the optimization process subareas are filled 

with material and sub-areas free of material. Thus, we have to deal with internal, 

changing borders of these sub-areas. 

In the further part of the work we will deal with the optimization of the material 

continuum topology. This topic is included in the GSO, which is used when in the design 

area we have a relatively larger amount of material available in relation to the amount of 

material used during LO type optimization. In the next discussion we will focus on 

discussing the GSO that is used to optimize the topology: 

⎯ isotropic bodies (Isotropic-Solid / Empty - ISE), 

⎯ anisotropic bodies (Anisotropic-Solid / Empty - ASE), 

⎯ porous isotropic bodies (Isotropic-Solid / Empty / Porous - ISEP). 

The optimization of material topology topologies is included in the ISE group. 

The following methods are used to solve the ISE task: 
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⎯ SIMP (Solid Isotropic Microstructure with Penalization) – it is a method used 

during the numerical optimization process, e.g., by the finite element method. Its 

task is to eliminate material from these elements belonging to the design area, for 

which the substitute material created during this process has a relatively low 

density. The SIMP method requires the appropriately defined updated Young 

module in individual elements and the determination of material density, which 

will be considered negligible. The density of the material takes intermediate 

values between the initial size and zero. During the optimization process, we are 

dealing with a certain "artificial" or "fictional" material. 

⎯ ATO (Adaptive Topology Optimization), a method discussed extensively in [45]. 

It consists in adapting the dividing grid during the process and simultaneously 

smoothing the shapes of the structure. Generally, there are no studies in the 

literature providing details related to the applied threshold functions and the 

method of updating the Young's modulus for a continuous structure, as discussed 

in the fifth and seventh chapters. Some of the results listed in Chapter Seven were 

previously published in [47], while some results regarding the problem of 

convergence of the solution depending on the adopted threshold functions were 

published in [48]. 

⎯ OMP (Optimal Microstructure with Penalization). Due to the fact that the problem 

concerns microstructures, in this case the number of unknowns increases. For 

example, for a two-dimensional problem, we have three independent parameters 

for each element (two layered densities and the orientation direction of the 

microstructure) [49]. 

⎯ NOM (Near Optimal Microstructure). This is a certain variation of the OMP 

method, for which penalization is generally not used, which makes the task hardly 
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convergent. In this case, it is sometimes possible to use a certain type of 

procedure, which can be described as a fixed level of penalization. This improves 

the convergence of the task. This method sometimes has a smaller number of 

independent parameters for each element than it does in the OMP method [40]. 

⎯ GA (Genetic Algorithms). Genetic algorithms find wider and wider application in 

many areas, including optimization of topology.  

⎯ ESO (Evolutionary Structural Optimization). The method was named and 

formulated in 1992. The BESO method [41] provides a certain extension with the 

full possibility of re-considering the element after its rejection. Due to the fact that 

the names used here are reserved for genetic algorithms (e.g., Evolutionary 

Optimization) in, the name of this method is proposed as SERA (Sequential 

Element Rejections and Admissions).  

⎯ BM (Bubble Method). The bubble method, although not included in the cited 

division, is also being developed in recent years [40]. It consists in iteratively 

placing holes (bubbles) in an optimized design. The optimization parameter is the 

vector that determines the location of the hole. It is a method that is an example of 

the so-called a geometric description of the topology optimization problem, while 

all of the aforementioned are examples of a material description. 

It is worth noting that research in the field of topology optimization is carried out 

by two groups of researchers complementing each other. One group deals with theoretical 

foundations, examining issues from the formal side, giving, among others, evidence for 

the existence of a solution and in this way allows to conduct more practical research on 

the second group, which primarily deals with the determination of optimal topologies for 

given classes of issues. 
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Topology optimization problem solutions can be analytical and numerical. The 

most frequently used numerical method is the finite element method, which allows 

discreetly analyzing design parameters. A properly concentrated MES division grid gives 

the possibility of treating the considered area on the one hand as discrete, on the other 

from the macroscopic point of view as a continuum. 

Until recently, in view of the rapid development of this discipline of knowledge, 

research was conducted independently in many centers, just as a terminology was 

introduced independently. Many concepts and terms now work in parallel, and many 

results were obtained in parallel. Besides, the very name of SIMP also has different 

verbal interpretations. Instead of solid, many authors use the word simple. Instead of 

solid microstructure, a simple material is said, as it is a material whose formulas 

describing its properties undergo certain modifications and, perhaps, simplifications. The 

word material is used to clearly emphasize that we are dealing with isotropic 

homogeneous material, although microstructure can also be interpreted as a 

homogeneous material with microstructural pores. However, it should be remembered 

that in most cases the word microstructure refers to materials having a typically 

microstructural structure. In the considerations in this paper, SIMP should be interpreted 

as Solid Isotropic Material with Penalization, because the material is a homogeneous 

material, not a material with repetitive so-called "Cells". 

Finite element method 

The finite element method is an advanced mathematical method of physical 

calculations, which consists in replacing a real object (discretization of an area) with 

elements with finite dimensions averaging its physical state [43]. The finite element is a 

simple geometric figure (its shape is simpler than the shape of the analyzed object), for 

which we distinguish special points - the so-called nodes located on its vertices. Each 
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node has a certain number of freedoms - three degrees of freedom for flat elements and 

six degrees of freedom for solid elements. The nodes can also be placed on the sides and 

inside the finite element (so-called higher order elements) [43, 44]. The most time-

consuming and time-consuming phase of FEM analysis is the division of the area into 

finite elements. The selection of appropriate elements discretization of the area has a 

significant impact on obtaining correct results. The spatial elements (3D) are used in the 

case of volume objects, i.e., when there are no specific rules to refer to by selecting the 

finite element type. A helpful database for avoiding simulation errors is a series of 

industry articles containing certain CAD user experiences relating to specific models 

[45]. Programs for the implementation of MES are highly specialized and can be written 

in a variety of ways. Regardless of the manufacturer, type of computer, these programs 

implement the same algorithm for obtaining output data. 

We distinguish the following stages of solving the task: 

⎯ definition of the problem, 

⎯ discretization of the area, 

⎯ identification of variables, 

⎯ formulation of the problem, 

⎯ selection of the coordinate system, 

⎯ adoption of approximating functions,  

⎯ determination of the element matrix – in addition to the surface itself, the 

volume by which the aggregation of the matrix of elements occurs is also 

important, 

⎯ coordinate system transformation. 

Obviously, the area is limited. Solid elements are divided into spatial tetrahedron (tetra), 

cubic (hexa) and isoparametric [44], as you can see on Figure 2.12. 



 

 

59 

 

Figure 2.12 

Shapes into a) spatial tetrahedron (tetra), b) isoparametric and c) cubic (hexa) [44] 

 

The Tetra type mesh is used by most grid machines (automesh function) included 

in CAD programs. It does not require too much work, with its help it is easier to mimic 

the geometry of the analyzed model. The hexa grid is the most demanding in terms of 

both the user's workload and the sophistication of the programs. It is used primarily in the 

case of analyzes which, due to their type, disqualify the use of tetra type mesh and when 

the quality of the grid is important. In most models with complex geometry, the use of 

hexa meshes is economically unjustified. No - introduction of boundary conditions, - 

solution of the final system of equations, - interpretation of results [43]. 

The above sequence of proceedings is implemented by a computer program using the 

following modules [43]: 

⎯ preprocessor,  

⎯ processor,  

⎯ postprocessor 
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Mathematical FEM theory 

We deal with a linear space F with a defined scalar product <,>. Elements of 

space F are functions for which the addition and multiplication activities are defined. 

Let’s assume that there is a linear subspace U of space F, with the same scalar product 

<,>, and a linear differential operator A. Operator A is defined on the space U, and its 

values belong to F. Assuming that A is a symmetric and positively defined operator, we 

can use it to introduce a new scalar product in the space U[45]: 

< 𝑢, 𝑣 >𝐴 = < 𝐴𝑢, 𝑣 >  𝑓𝑜𝑟 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑢, 𝑣 ∈  𝑈 (2.14) 

The scalar product defined in this way is called the energy product relative to 

operator A; space U to which we will add this product specifies –  us as the energy space 

of the operator A, and  ‖𝑢‖𝐴 = √< 𝑢, 𝑢 >𝐴  an energy standard. 

We are looking for a differential equation belonging to the U space: 

𝐴𝑢 = 𝑓 (2.15) 

Where f is a function belonging to space F. The solution to this problem by means 

of FEM is to approximate the solution u using a polynomial spline function selected from 

the N-dimensional UN subspace. This function is called a finite element that approximates 

the exact solution u. From among all UN elements we choose the one that fulfills the 

condition. 

 ‖𝑢 − 𝑢𝑁‖𝐴 = min  ‖𝑢 − �̅�‖𝐴  (2.16) 

Finite element method is a special case of the Rayleigh-Ritz method, with 

restrictions introduced for the form of UN elements. 
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FEM Algorithm 

The process of finding a solution using FEM can be divided into three stages in 

general: 

1. the differential problem is transformed into a variational or integral form 

2. the area is divided into simple geometric figures (finite elements) 

3. in each element we approximate processes using simple basic functions 

The algorithm for finding a solution using FEM: 

1. A grid should be imposed on the area considered, dividing it into a finite 

number of geometrically simple elements. 

2. It is assumed that individual elements are connected with each other only in a 

finite number of points (grid nodes). The nodes will specify the values of physical 

quantities that form the basic set of unknowns. 

3. The functions defining the physical values of the instruments (shape functions, 

nodal functions) should be defined depending on the value of the nodes. 

4. Using so-called weight functions, the differential equations are transformed 

into algebraic equations 

5. Equations will be assembled. Using the MES equations, the coefficients 

standing at the unknowns and the corresponding values of the right sides are calculated 

(for non-stationary tasks, the initial conditions are taken into account). The number of 

equations in the system obtained this way is equal to the product of the number of nodes 

in the object and the number of degrees of freedom of each node (the number of 

unknowns in each node) 

6. The boundary conditions are introduced into the matrix of coefficients and 

vectors of the right sides. 
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7. The obtained system of linear equations is solved, as a result of obtaining the 

searched physical quantities in the nodes. 

8. Further steps depend on the type of task being solved, e.g. additional quantities 

are calculated, or (for non-stationary tasks) assembly and next steps are repeated until the 

set conditions are met. 

The solution obtained in this way is of course an approximate solution. Accurate 

estimation of the approximation error is impossible due to the ignorance of the "real" 

solution but based on the form of the problem being solved, the finite element shapes and 

the approximation space properties can be limited in advance to determine the quality of 

the method. 
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CHAPTER III: METHODOLOGY 

A methodology of the study is presented in Figure X. First of all, it is necessary to 

gather and present all the tools needed for this research to be conducted. These tools will 

be divided into following categories: 

•    Programming language 

•    Visualization and design 

Figure 3.1 

Methodology steps 

2. Creating the study population 
– basic designs.

3. Implementing the 
Evolutionary Algorithms to 

create and evaluate designs.

5. Evaluation of the results

1. Gathering necessary tools to 
conduct a study and achieve 

desired results 

 

In phase 2 of this study, the study population will be generated and described. For 

basic design generation of the car wheel, I will use FreeCad and SolidWorks. Materials 

data will be taken from SolidWorks libraries.  

Evolutionary algorithms will be written in Python language and applied in phase 

3. With the help of Calculix, Matplotlib and statistics libraries. As visualization tools, I 

will use ParaView and SolidWorks. 
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Tools 

Programing language ⎯ Python 

Python is an easy-to-learn, powerful and powerful programming language. It has 

high-level data structures and allows object-oriented programming in a simple yet 

effective way. Python's syntax is elegant, and the dynamic type system, and the fact that 

Python is an interpreter makes it an ideal scripting language and so-called. Rapid 

development of applications in many areas, and on many software and hardware 

platforms. The Python interpreter and the extensive standard library are available freely 

and for free, both in source and in binary form (arbitrarily distributed) on most system 

platforms. The interested user will find more information on the Python website [47]. The 

same site also contains installation packages and links to many Python modules (free of 

charge), programs and tools as well as additional documentation. Python can be easily 

expanded with new functions and data types that can be implemented in C or C ++ (or 

other languages that can be consolidated with C modules). Python is also suitable for use 

as an additional language in applications, as an additional language that facilitates 

matching them to the needs of the user. Most important positive aspects [47]: 

⎯ Open Source, a rigorous development policy 

⎯ The famous "batteries-included", an infinite collection of built-in and 

external modules 

⎯ Exceptional attention to safety, stability and backward compatibility 

⎯ Very good documentation, numerous free didactic materials, extremely 

helpful community 

⎯ Paradigms: object, structural and "functional" (generic in 3.4) 

⎯ Written in ANSI C, a scripted, interpreted, dynamic type system 

⎯ Automatic memory management 
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⎯ Readable, consistent, flexible and easy in use 

⎯ Portable, distributed by default 

⎯ About versatile use 

⎯ Open to other technologies (PyPy, Jython,IronPython, Brython) 

In order to conduct the study, a special type of file needs to be used. The input file 

can be divided into two parts. The first one contains model data and includes all the 

information needed to define the structure being analyzed. The second part contains 

historical data, which defines what happens to the model during the analysis: load 

sequences or other events for which we want to know the structure response. This story is 

divided into a sequence of steps that define subsequent, separate stages of analysis. For 

example, in the first step you can define static load analysis, and in the second step - 

dynamic load, etc.  

Visualization and design  

FreeCAD is a parametric general-purpose CAD programmer. The development is 

completely Open Source (LGPL license). FreeCAD is aimed directly at mechanical 

engineering and product design, but also fits a wider range of engineering applications, 

such as architecture or other engineering specialties. FreeCAD offers tools similar to 

Catia, SolidWorks or Solid Edge, and therefore belongs to the MCAD, PLM, CAx and 

CAE categories. It is a parametric modeler based on features with a modular software 

architecture that makes it easier to provide additional functionality without modifying the 

basic system. Like many modern 3D CAD models, it has many 2D elements to sketch 2D 

shapes or to extract design details from a 3D model to create 2D production drawings, but 

a direct 2D drawing (e.g. AutoCAD LT) is not a target, neither animation nor organic 

shapes (like Maya, 3ds Max, Blender or Cinema 4D), although thanks to the wide 
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possibilities of FreeCAD adaptation it can be useful in a much wider area than its current 

focus [50]. 

Calculix is a program, which is representative of systems from the Open Source 

group, is over ten years old. It was created in 1998 and has been systematically improved 

ever since [51]. It was developed by a group of enthusiasts from MTU Munich and Aero 

Engine, who used their free time to create the right code, based on solutions similar to the 

code used in ABAQUS systems.  CalculiX is a package developed primarily for solving 

endurance problems, but not only. The finite element analysis is used in it. With its help, 

we can build MES models, convert them, perform strength analyzes.  

ParaView is an open, cross-platform application for data analysis and 

visualization. ParaView users can quickly create visualizations to analyze data using 

qualitative and quantitative techniques. Data mining can be done interactively in 3D or 

programmatically using the ParaView batch processing function. ParaView was 

developed to analyze very large data sets using distributed computing memory resources. 

It can be run on supercomputers to analyze petascale size data sets, as well as on smaller 

notebooks, has become an integral tool in many national laboratories, universities, and 

industry, and has won many awards related to high-performance computing [52]. 

Research Study Population 

Study population will be created by a genetic algorithm in following manner 

presented in table 3.1. 

 

Table 3.1 

Example of individual in population 

Characteristic Mounting 

material 

Base 

material 

Shape   

Binary  01 10 11   
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Mounting and base material will be taken from table 3.2. 

 

Table 3.2 

Materials table 

Name Code Mass 

density 

Elastic 

modulus 

Poisson's ratio Tensile strength 

Carbon Steel  00 7858 2.05E+11 0.29 425000003 

Aluminum  01 2800 0.73E+11 0.33 165445000 

CP-Ti UNS  11 4510 1.05E+11 0.37 550000000 

Magnesium  10 1700 0.45E+11 0.35 220000000 

Shape will be picked randomly from table 3.3. 

Table 3.3 

Shape table 

Possbile shape 

Code: 01 Code: 10 

 
 

Code: 11 Code: 00 
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File system 

The input file describing design consists of multiple blocks (option blocks) that 

contain data describing parts of the model or analysis. Each block begins with a keyword 

line, usually followed by one or more data lines. The length of the ABAQUS [48] input 

file line cannot be larger than 256 characters. 

An asterisk always precedes the key word (otherwise option) (*), for example, * 

NODE, a keyword defining the coordinates of nodes, or * ITEM, a word defining a finite 

element. After the keyword, there may be parameters, and sometimes they may even be 

necessary. The TYPE parameter is required after the keyword * ITEM because by 

defining an element we must always specify its type. E.g.: 

* ELEMENT, TYPE = T2D2 

means the definition of a T2D2 element (a two-dimensional bar element with two 

nodes). 

Many parameters are optional, and they are added only in certain situations: 

* NODE, NSET = PART1 means that all nodes defined in this block will be 

assigned to a set called PART1. It is not necessary to assign nodes to files, but this is 

useful in many cases. 

Keyword lines 

The key word (otherwise option) is always preceded by an asterisk (*), for 

example, * NODE, a keyword defining the coordinates of nodes, or * ITEM, a word 

defining a finite element. After the keyword, there may be parameters, and sometimes 

they may even be necessary. The TYPE parameter is required after the keyword * ITEM 

because by defining an element we must always specify its type. 
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Figure 3.2 

Example Abaqus file
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Data lines 

Typically, there are lines under the keyword line that contain additional data 

related to the keyword. An example is the definition of nodes, followed by their 

coordinates or the definition of elements, where we give a list of nodes creating elements. 

A list of all required and optional data is described in detail in the ABAQUS Keywords 

Manual. The block defining nodes in the lattice girder model will, therefore, look like 

this: 

NODE 

104, 0.5, 0.866.0. 

105, 1.5, 0.866.0. 

The first number of each data line is an integer corresponding to the node number. 

The second, third and fourth numbers are floating point numbers that specify the 

coordinates of a given node. 

Both integers, floating-point numbers, and alphanumeric values can be in one data 

line. Floating point values can be specified in several ways, e.g. ABAQUS would 

interpret all of the following numbers as a value of four: 

4.0 4. 4 

4.0E + 0 .4E + 1 40.E-1 
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Design of the Study 

The study will be performed by the following algorithm presented on the Figure 

3.3. 

Figure 3.3 

Study algorithm 

Start

1. Randomly generated designs 
(Population 0)

2. Design optimization

3. Fitness function evaluation

4. Sorting

5. Is there a room for 
improvement?

6a. Final Review

6b. Selection

6d. Mutation

6e. Randomly generated designs 
(Population +1)

 Stop

YES

NO

 

First, the code will start with a randomly generated initial sequence of letters, then 

mutate/change one random bit at a time until the desired sequence is achieved. To begin 

with, the genetic algorithm requires a gene set to use for creating guesses. For this project 

that will be a generic set of binary numbers. It also needs a limited domain inside which it 

can operate. Figure 3.4 demonstrates this definition.  

  

Figure 3.4 

Geneset  
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GeneSet provides the possibilities. Since we will operate on binary numbers, only 0 and 

one can appear. Length shows the number of genes individual should possess. Next the 

algorithm needs a way to generate a random parent from the gene set, shown on Fig. 3.5 

 

Figure 3.5 

Creation of new individual  

 

Next, the fitness function is needed in order to provide value the genetic algorithm with 

the feedback to guide it toward a solution. In this project, the fitness value is the mass of 

the model. The FitnessMass function decodes the binary representation of the individual 

and provides with material and shape information. The mass is then calculated based on 

volume of the design and materials used. This is shown on Figure 3.6 

 

Figure 3.6 

Decoding binary chromosome  
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Next, the generator needs a way to create a new guess by mutating the current one 

⎯ best parent. The following implementation converts the parent binary representation to 

an array with a list(parent), then substitutes 1 binary number in the array with a randomly 

selected one from GeneSet, and finally recombines the sequence into a new individual as 

figure 3.7 is showing. 

 

Figure 3.7 

Mutation  

 

The final part is a loop, shown on the Figure 3.8, will: 

⎯ Produce a guess 

⎯ Request the fitness, by running BESO algorithm on generated design 

⎯ Compares the fitness to that of the previous best model 

⎯ Keeps the design with the better fitness. 

This cycle repeats until no progress has been made. 

 

Figure 3.8 

Improvement function 
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At step number one algorithm will generate multiple possible solutions (known as 

Population 0). Example of one out of many designs generated is presented in Table 3.3 

 

Table 3.4 

Materials table 

Primary material Secondary Material Design 

10 11 01 

This binary representation describes design with following characteristics:  

Primary material, with code 10 means Magnesium Alloy. Secondary Material with code 

11 means Pure CP-Ti UNS, while design with code 01 means three arm wheels design.  

The study will follow constraints presented in Figure 3.9. Violet arrows represent 

applied force, while green indicates fixed surface. Overall the applied force will equal 

900000[N]. 

 

Figure 3.9 

Constraints 
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Step number two will perform design optimization using Bi-directional 

Evolutionary Structural Optimization [53]. Perfect explanation of the algorithm was 

made during the Engineering Mechanics 2017 International Conference [54]. 

The description of the algorithm pictured on Figure 3.10 is as follows. In the 

beginning, the user specifies a common FE analysis and establishes the optimization 

parameters. The most significant part is domain parameters (list of materials, effective 

densities, thicknesses, failure criteria, lists should be ordered from the lowest to the 

strongest), type of filter and filter radius and weight ratio. 

Several operations can be performed only before iteration. Imports a grid of user-

defined domains that you want to optimize or include only in monitoring, and the scope 

of filters. Another operation is to calculate the volume (relative areas of the coatings) to 

evaluate mass during iteration. The volumes along with the centers of gravity and find 

near the elements are used for filtering. 

The basic measure of the efficiency of each element is in the real state defined as 

its sensitivity number 

𝛼 =  
𝐹𝐼𝑒

𝑝𝑒
, 𝐹𝐼𝑒 =  

𝜎𝑒,𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑒𝑑

𝜎𝑒,𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑒𝑑
  (3.1) 

The higher failure rate of the FIe element means that the element is used closer to 

its emergency capacity, and the division by the effective density of the element ρe is used 

to favor the lighter (cheaper) material. σe is stress related to elements. 
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Figure 3.10 

Simplified flowchart of the BESO algorithm [54] 

 

A very significant section concerns switching elements. In each iteration, the 

assigned mass is switched (to a stronger state) defined by Mass Added Ratio AR, and in 

the same mass of iteration defined by the Mass Removal Factor RR is turned off (to a 

weaker state). The difference between them decreases the total target weight from the 

previous iteration. Removal is limited by achieving the purpose of the mass or exceeding 

the permissible number of damaged components that have failed (FIe ≥ 1). Violent items 

are forced to switch, and their mass difference is added to the target mass of the current 

iteration. The rest of the elements are ordered according to their sensitivity numbers 

(equation 3.1). Switching takes place from the most sensitive elements, and then switches 

from the lowest (least effective elements). 

When a failure occurs on more than the allowed number of elements, the 

disintegration process is activated, which means that the mass ratio of the AR additive 
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diminishes exponentially between iterations. The decay speed is driven by the exponent k 

in the equation 

𝐴𝑅𝑖 = 𝐴𝑅0𝑒𝑘(𝑖−𝑖𝑣), 𝑘 < 0  (3.2) 

Where AR0 is the Mass Enrichment Ratio used at the beginning, it is the actual 

iteration number, and iv is the iteration number in which the tolerance in the damaged 

elements has been exceeded. Until more defective elements appear, the Mass Removal 

Factor is equal to the actual ARi, which ensures that the mass will not be removed. Using 

this approach is an artificial way to stabilize the results of further switching some 

elements up and others down. 

The criterion for interrupting the iteration is given as the average FI weighted by 

the mass of elements, which should remain within the recommended tolerance for the last 

five iterations. Iteration can also be terminated by the maximum number of iterations. 

Step number three will perform fitness function evaluation which will be a cost. Step 

number four will perform sorting. Next step will be fitness function assessment.  

  



 

 

78 

CHAPTER IV: RESULTS OF THE STUDY AND ANALYSIS 

Optimization results 

Judging by prepared data, there is 64 possible combinations of materials and 

shapes. Table 4.1 shows potential members of the population. Every potential solution 

will be optimized by BESO algorithm in order to get evaluated by the fitness function. 

This gives, potentially, millions of possibilities for design. 

 

Table 4.1 

Possible designs 

N. First material Second Material Shape 

1 01 01 01 

2 01 01 10 

3 01 01 11 

4 01 01 00 

5 01 10 01 

6 01 10 10 

7 01 10 11 

8 01 10 00 

9 01 11 01 

10 01 11 10 

11 01 11 11 

12 01 11 00 

13 01 00 01 

14 01 00 10 

15 01 00 11 

16 01 00 00 



 

 

79 

N. First material Second Material Shape 

17 10 01 01 

18 10 01 10 

19 10 01 11 

20 10 01 00 

21 10 10 01 

22 10 10 10 

23 10 10 11 

24 10 10 00 

25 10 11 01 

26 10 11 10 

27 10 11 11 

28 10 11 00 

29 10 00 01 

30 10 00 10 

31 10 00 11 

32 10 00 00 

33 11 01 01 

34 11 01 10 

35 11 01 11 

36 11 01 00 

37 11 10 01 

38 11 10 10 

39 11 10 11 

40 11 10 00 
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N. First material Second Material Shape 

41 11 11 01 

42 11 11 10 

43 11 11 11 

44 11 11 00 

45 11 00 01 

46 11 00 10 

47 11 00 11 

48 11 00 00 

49 00 01 01 

50 00 01 10 

51 00 01 11 

52 00 01 00 

53 00 10 01 

54 00 10 10 

55 00 10 11 

56 00 10 00 

57 00 11 01 

58 00 11 10 

59 00 11 11 

60 00 11 00 

61 00 00 01 

62 00 00 10 

63 00 00 11 

64 00 00 00 
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After running the algorithm, we received following results, showed in table 4.2: 

 

Table 4.2 

Solutions generated by GA 

N. First material Second Material Shape BESO iteration Mass 

1 00 10 10 7 112 

2 01 00 10 3 85 

3 11 10 10 6 83 

4 01 10 00 9 76 

5 01 10 01 12 61 

6 01 10 10 22 49 

7 01 10 11 43 38 

8 01 11 10 48 34 

 

Figure 4.1 

Mass optimization chart 
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Over all algorithm produced 12 solutions on the road to best one – number 8, 

“011110”. Four of them were removed due to being worse than previous generation. 

Results of optimization are presented on Figure 4.1. Graphic presentation on Figure 4.2. 

The main aim was to compare the shape and weight of the optimized wheel made in the 

technology of classical and evolutionary approach.  It is possible to notice that shape 

generated by evolutionary algorithm has way more complicated shape but the weight is 

significantly reduced.  

Obviously, the massive mass reduction comes at the price. Price of stiffness and 

resistance to psychical damage.  

 

Figure 4.2 

Before and after optimization 
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Discussion 

The analysis of the study data led to limited analytical findings. The following 

outcomes are presented for each individual research question. 

1) What are the possible gains in terms of product cost?  

When it comes to cost savings, it is correlated with the material saved during 

production. Using the two following formulas 4.1 and 4.2, for 𝑤 weight and 𝑣 volume 

respectively, we can calculate the material needed for the design, therefore the cost will 

be unrivaled.   

𝑤 = 𝑝 × 𝑣  (4.1) 

𝑣 =  
𝑤

𝑝
 (4.2) 

Since we reached nearly 60% mass reduction we gained savings by the same 

amount.  Figure 4.3 shows cost savings. Notice that this does not take into account any 

changes in labor costs because of more sophisticated shape. 

 

Figure 4.3 

Potential product cost savings 
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2) What are the possible gains in terms of time?  

The estimation considers that experienced engineer, in such data set, would 

achieve best design set in 16 steps. Table 4.3 shows the results achieved in experiment 

conducted by a professional designer with over 5 years of experience.  

 

Table 4.3 

Solutions generated by human test subject 

N. First material Second Material Shape Mass 

1 00 10 10 223 

2 01 00 10 207 

3 11 10 10 199 

4 01 10 00 179 

5 01 10 01 169 

6 01 10 10 154 

7 01 10 10 145 

8 01 10 00 134 

9 01 10 01 133 

10 01 10 10 132 

11 01 10 00 118 

12 01 10 01 114 

13 01 10 10 97 

14 01 10 11 80 

15 01 11 10 67 

16 00 10 10 57 
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However, it is worth to notice, that Genetic Algorithm also conducted shape 

optimization within chosen design. Figure 4.4 shows time savings from different number 

of attempts. Figure 4.5 shows time savings from total working time. It needs to be 

pointed out that in case of more possible outcomes algorithm gains advantage over 

human.   

 

Figure 4.4 

Potential time savings 

 
 

Figure 4.5 

Potential time savings hours 
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3) Limitations 

The most obvious limitation not stated before is technology needed to produce 

shape designed by the algorithm. Since the algorithm is just cutting piece by piece, in 

order to get the best possible mass, the shape might be extremely complicated. Therefore, 

the technology needed to produce such shape might be too expensive or the shape might 

not even be possible to be produced due to complexity. 

Algorithm requires a lot of attention during the first prototype design stage. 

Because it operates on designed mesh, it is crucial for computing time, to have the 

densest mesh in the most crucial parts of the product. Therefore, these should be sketched 

as separate. 

Computing time and still algorithm testing phase is huge limitation due to lack of 

efficacy and optimization, resulting in long computing time. 

 

Conclusion 

The work in this thesis dealt with the experimental design and optimization of car 

wheel. The aim was to support the designer in facing the challenging aspects of this type 

of design in, which is very common in real-world applications, by developing an 

approach capable of optimizing the design. This would significantly reshape and improve 

whole design process.  

Attention was restricted to wheel design, made out of 3,4,5,6 arms, and four types 

of materials that can be used in two different places around mounting holes and as a base 

material for the rest of the rim. Overall there could be 64 possibilities of the design and 

countless of possibilities of improvement within the design. 

The applied force was a static force of 900[kg] on each wheel, divided on arms 

equally.  
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Genetic algorithm, along with BESO optimization algorithm, was able to find the 

best design in 12 steps. Providing a reduction in mass by 60%. It is estimated that it also 

provided reduction in design time by 25%. 

The use of model-based optimization techniques speeds up the exploration 

procedure, thus decreasing the number of operations required. The results displayed in 

the thesis contribute to explain these aspects, both from an experimental and applied 

point-of-view. 

Genetic algorithms are often used, for example, to optimize functions for which 

the differential methods fail. 

Compared with deterministic algorithms, genetic algorithms have advantages and 

disadvantages. The advantage is certainly that you do not need to assume anything about 

adaptation functions, they can be completely arbitrary. However, the genetic algorithm 

can work very slowly, otherwise, the optimal solution can be lost in subsequent 

generations. 

A good algorithm is based on an elite model, in which the best individuals are 

kept, or they are kept within the population and take part in further evolution, or they are 

only recorded in memory, and then they are thrown out of it. 

It is difficult to find sensible criteria for the end. Good genetic algorithms can 

work infinitely, but it does not make much sense. Interesting criteria are probabilistic 

criteria: they indicate how many iterations to be carried out with a given probability (e.g., 

99%) the best solution found so far would be optimal.  

The method seems to be very universal. To use the same program in a different 

problem, it is usually enough to change the function of the target. Evolutionary 

algorithms can also cope where the optimized function is noisy, changes in time, has 
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many local extremes. To find a solution, we do not need to know anything about the 

optimized function ("black box"). 

 The target function may not even be at all: we can use genetic algorithms even 

when the only thing we can say about the points of the state space is which of the two 

points is better (tournament selection).  

The method is relatively fast: finding a solution is often possible after reviewing a 

surprisingly small part of the state space. Because the genetic algorithm is a randomized 

algorithm, we can repeat the calculation many times in the hope of getting better results. 

During the study it was noticed that at some point it is no longer reasonable to 

improve accuracy due to significant increased computing time. 

During further studies it is worth to consider CUDA. CUDA is NVIDIA's 

proprietary computing architecture that provides a dramatic increase in computing 

performance by utilizing the power of GPUs (graphics processing unit). 
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