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ABSTRACT 
In response to the rapidly developing market demand, this paper proposes the use of genetic 
algorithms in industrial product design optimization under simulation environment. Design the 
product base gene coding, use the fitness function to determine the fitness value of different 
individuals, the genetic operator to support the optimization of industrial product design, by clarifying 
the optimal individual in the population in order to determine the optimization of industrial product 
design to meet the conditions. Then build up the industrial product design system based on genetic 
algorithm, plan the functional modules such as product information collection and coding, genetic 
generation of product solutions, and formulate the system process and function realization method. 
Exploring the performance of this paper's industrial product design model in the simulation 
environment, this paper's model in the operation efficiency, convergence speed and other aspects of 
performance are better than its other comparison model, in the iteration to about 300 times to achieve 
convergence. In the application practice of this paper's design system, the 2R  values of this paper's 
system are close to 1, and the RMSE values of each design parameter are lower than 0.5, and the 
average product quality score reaches 0.157, which is excellent in real-world applications. 

Keywords: analog simulation, genetic algorithm, fitness function, industrial product design 
 

1. Introduction 

How to make the product in the market for a long time to maintain a competitive advantage is the 
enterprise and industrial design companies in the product design level are to think about the problem, 
each product has its life cycle, the product sales time after a long period of time may appear function 
aging, appearance of the old and other problems, can not meet the current market trends and 
consumer demand, get rid of the dilemma of the way is to upgrade the product. Through upgrading 
and iteration, the product structure, appearance, functional innovation and other aspects of 
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optimization and improvement. Product design is not a one-time job, but must be continuously 
optimized and upgraded [1-4]. 

Genetic algorithm, as one of the most widely used algorithms in process optimization at present, is 
a search algorithm with evolution and natural selection as the main model, which simulates the 
evolutionary process in nature to search for solutions by representing the genetic structure and fitness 
as a solution and a numerical function in the search space of the problem, respectively. Genetic 
algorithm has the advantages of self-adaptation, global search and good optimization effect, which can 
help enterprises to screen out the optimal combination of the many process parameters, and bring 
great advantages for enterprises to improve process and production efficiency. In terms of process 
optimization, genetic algorithms can significantly improve production efficiency by finding the optimal 
solution that can achieve specific parameters such as minimizing energy consumption, maximizing 
productivity, minimizing material loss, etc., and conducting simulation studies on it. In addition to 
genetic algorithms, analog simulation technology, as a new design method, has gradually become an 
indispensable tool for industrial product designers [5-8]. 

Literature [9] proposes a product design optimization method based on genetic algorithm (GA) and 
specific artificial intelligence techniques, which effectively improves the product design process with 
greater advantages than traditional techniques and has great potential in the product design paradigm. 
Literature [10] takes the shape design of UAV products as an example, optimizes the BP neural network 
using genetic algorithm and constructs a GA-BP hybrid model to effectively evaluate and screen out 
excellent design solutions, and reveals that the evaluation system shows effectiveness in evaluating 
design solutions. Literature [11] aims to solve the supplier selection problem in the context of 
integrated product design and employs a non-dominated sorting genetic algorithm (NSGA-II), which 
shows that NSGA-II is superior to the CPLEXMIP solver in terms of solution quality and computation 
time. Literature [12] describes the application model of interactive genetic algorithms based on 
composite fitness allocation strategy and hierarchical fitness allocation strategy and analyzes the 
parameters of the former, and evaluates the design results using full replacement and fuzzy evaluation 
methods. Literature [13] examined the transformation between product customization problems and 
expressions of genetic algorithms based on understanding genetic algorithms and modern industrial 
design systems, and pointed out that industrial product design centered on genetic algorithms has 
positive effects. Literature [14] highlights the use of generative design methods for the optimization of 
design parameters and generation of design solutions in the product design process, aiming at is the 
development of a system for the optimization of jewelry design parameters and shape changes, which 
utilizes genetic algorithms that can assist designers to avoid tedious design iterations, effectively 
saving the time and effort of the design, and reveals the applicability of the method in product design 
optimization. Literature [15] comprehensively describes the Genetic Algorithm (GA), the GA tool 
embedded in the MATLAB package, and the methodology for sustainable product design optimization 
carried out using GA, highlighting the methodology is demonstrated with a case study using an 
industrial gearbox. Literature [16] proposed an intelligent product design approach based on genetic 
algorithms to solve the problem of intelligent generation of batch design solutions, revealing that the 
approach is effective in mitigating the evaluation fatigue problem in evolutionary computation. 

The above research describes the application of genetic algorithm in industrial product design 
optimization, and reveals the effectiveness of genetic algorithm in product design optimization by 
comparing it with traditional techniques and its application in modern industries such as unmanned 
aerial vehicles, whereas as another optimization method, relatively few researches analyze it from the 
perspective of simulation. Literature [17] outlines the relevant research and application of modeling 
and simulation techniques in manufacturing, and explores typical simulation techniques in 
manufacturing based on aspects such as manufacturing integration simulation and manufacturing 
intelligence simulation. Literature [18] explored simulation and its optimization and mechanical 
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product development and design based on soft computing techniques such as finite element method 
and artificial neural network. 

In this study, the principle of genetic algorithm is firstly discussed, and genetic algorithm is applied 
to the optimization of industrial product design by taking advantage of its high degree of parallelism 
and self-adaptability. The genetic coding of industrial products is designed, and the fitness function is 
utilized to evaluate the fitness value of individuals and determine the fitness of coded individuals. The 
genetic operator supports the evolution of the product modeling design scheme, and after meeting the 
conditions of artificial participation, the design scheme is evaluated by the human in the virtual reality 
environment until a user-satisfied scheme is generated. Based on the industrial product design model 
of this paper as the basis of function realization, the industrial product design system based on genetic 
algorithm is built. Product information collection and coding, genetic generation of product solutions, 
design expression and evaluation, management services and other functional modules. Based on the 
characteristics of genetic algorithm and product design, the key steps of system operation such as 
chromosome coding and decoding methods are formulated, and the structural characteristics of 
industrial products are transformed into the parameters required for design. Through simulation 
experiments, the performance of this paper's industrial product design model is examined in terms of 
operation efficiency, convergence speed and product gene matching. The industrial product design 
system of this paper is used to carry out the optimization design of pumped storage power station 
diversion steel fork pipe, carry out the practice of industrial product design optimization application, 
and explore the performance of the system of this paper in practical application. 

2. Industrial product design model based on genetic algorithm 

The industrial product design direction in the simulation environment is complicated and mostly 
operated by human beings, and the speed of obtaining the global optimal design results is not good, 
which is difficult to meet the rapid development of today's market demand. For this reason, this paper 
proposes the use of genetic algorithms in the optimization of industrial product design in the 
simulation environment, and constructs an industrial product design model based on genetic 
algorithms to improve the design efficiency and quality in the process of industrial product design [19]. 

2.1. Principles of Genetic Algorithm 

In optimization problems, a population refers to a genetically coded collection of individuals, each of 
which can be considered as a chromosomal entity with characteristics. A chromosome consists of 
multiple genes whose internal genotype determines the external appearance and shape of an 
individual, such as skin and eye color. In the initial phase of the optimization problem, coding from 
expression to genotype is required, and binary coding is usually used to simplify the process. Once the 
initial population is obtained, the next step is to evolve the population generation by generation so 
that it gradually produces individuals close to the optimal solution. In each generation, individuals are 
selected by a fitness function and manipulated using genetic operators (e.g., crossover and mutation) 
to generate a new generation of individuals. Genetic algorithms start searching for optimal solutions 
from an initial population of many individuals, rather than from a single individual. In genetic 
algorithms, operations such as selection, crossover and mutation are performed to generate a new 
generation of populations, which contain much population information. Through the design of the 
fitness function, factors such as path smoothness can be introduced to make the generated path 
smoother and more reasonable, which is especially suitable for scenarios such as fire escape. The 
advantage of genetic algorithm is its parallelism and global search ability. Due to the simultaneous 
processing of multiple individuals, genetic algorithms can find the global optimal solution faster in the 
solution space without falling into the local optimal solution. In addition, genetic algorithms are able 
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to be applied flexibly to a wide range of problems because they do not depend on the specific structure 
of the problem, which is dealt with through the encoding of genotypes. 

Genetic algorithms also have some challenges and limitations, such as the population size, the choice 
of genetic operators and parameter settings will affect the performance and convergence speed of the 
algorithm. In practical application, it needs to be adjusted and optimized according to the 
characteristics of specific problems to obtain better optimization results. 

In summary, genetic algorithm, as a powerful optimization algorithm, shows good results in solving 
complex problems and global optimization problems. Through reasonable design and parameter 
adjustment, genetic algorithm can play an important role in various fields and provide effective ways 
and methods for problem solving. The fitness function is shown in equation (1): 
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where, 1f  denotes the fitness function of the genetic algorithm, ix  and iy  denote the values of x  
and y   coordinates the distance between two neighboring nodes and three neighboring nodes is 
calculated as in equation (2): 
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where n   is the total number of nodes in the total path and 1id   is the distance between any two 
neighboring nodes in the path: 
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where n  is the total number of nodes in the total path and 2id  is the distance quotient between any 
three neighboring nodes in the path, respectively. 

Firstly, determine the feasible solution domain and encoding method according to the specific 
problem, represent each feasible solution in the feasible solution domain in the form of a numerical 
string or a character string, and then construct a fitness function to measure each solution, which is a 
non-negative function, and finally determine the size of the population, the selection, the way of 
crossover and mutation, the probability of crossover and mutation, and judge the termination 
condition (which can be a certain threshold or the number of generations of specified evolutions). In 
this process, the crossover operation is the main operation of optimization, while the mutation 
operation can be viewed as a perturbation of the population. The fitness function is constructed 
according to the specific problem and the extremes are optimized (either for a maximum value or a 
minimum value). 

Genetic algorithm is a path selection optimization method that simulates natural selection and 
genetic mechanisms. It makes individuals gradually converge to the optimal solution by simulating the 
phenomena of gene inheritance, crossover and mutation in the process of biological evolution, starting 
from a single initial population and optimizing sequentially through iterations. This algorithm is 
characterized by strong parallelism, wide range of application, and strong global search capability. 

Genetic algorithm can deal with multiple design objectives at the same time, and obtain multiple 
satisfactory product design results in one industrial product design process. The use of genetic 
algorithm in industrial product design is based on the theory of evolution and the doctrine of heredity, 
coding each individual design element in product modeling, and then arranging and combining genes 
through selection, crossover, and mutation operators until generating a satisfactory new individual. 
After the evolutionary process meets certain conditions, it enters the artificial evaluation stage for 
program adjustment, and if the output result is not optimal, it then enters the natural stage of 
computer operation, forming a cycle until the optimal design program is generated. Since the computer 
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can perform parallel search for multiple objectives at the same time, it can improve the design 
efficiency of product modeling. 

2.2. Designing the product genetic code 

In this section, product genetic coding will be designed by hierarchical product modeling structure 
[20]. In the genetic algorithm operation, the actual feasible solution variables are transformed into 
individual coding using floating-point coding method, which is able to represent more patterns in a 
population of definite size. In the initial population, the product form, color, etc. can be represented as 
specific hierarchical structure data, each functional unit corresponds to a structural feature parameter, 
and each chromosome contains a series of feature parameter sets. The feasible solution is transformed 
from the solution space to the search space, and the characteristic floating-point parameters are 
encoded into the product individuals through this hierarchical structure. The hierarchical 
chromosome structure is used to represent the product modeling elements. 

The gene position of the product chromosome is the chromosome of the functional unit, and the 
gene position of the chromosome of the functional unit is the chromosome of the feature parameter, 
and the functional feature parameter is defined by the floating point value. Setting the parameter 
coding of each product design element includes the name of the functional unit, quantity, shape 
characteristics, geometric size, product color, etc. 

Before importing the coded parameters into the computer-aided software, the designer needs to 
extract the required data from the market and the conceptual design and code the data according to 
the above hierarchy. Different products correspond to different feature parameters, and this 
differentiation will affect the genetic algorithm to obtain an effective solution. Therefore, the floating-
point values of the encoded data are forced to be mapped in the same effective range interval, so that 
each corresponding gene locus is in the range of [0,1], to solve the problem of parameters on different 
ranges. 

2.3. Determining coded individual fitness 

In the non-manual evaluation phase, which is the natural phase, the fitness function is obtained from 
the transformation of the objective function to evaluate the individual parallel fitness values. The 
fitness function is [21]: 
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where: ( )F x  is the fitness function; ( )f x  is the objective function; and maxC  is a predetermined 
relatively large positive number to ensure that most solutions are positive. Set the population average 
fitness value is F . 

Product design is a multi-objective optimization process, and the actual process contains a variety 
of feature parameters corresponding to different states of the product. Using the morphosyntactic 
weighting method, appropriate weight values are set according to the importance of the design 
elements in the design solution, linking the user semantics with the correspondence of the product 
feature descriptions, reflecting the degree of superiority of the design individual in multiple aspects. 
Each design element is investigated, and the arithmetic mean of the investigation results is taken to 
obtain the manual evaluation adaptation value EF . 

Randomly generate a string of N   individual, where N   individuals are used as the initial 
population size, the initial number of evolutionary generations is GEN, and the maximum number of 
non-artificial evolutionary generations is GEN. 
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2.4. Evolution of product design solutions 

The evolution of the product design scheme is supported by three genetic operators. Starting from the 
initial population iteratively, after obtaining the average fitness of the initial population, the 
individuals with higher fitness are selected to be paired two by two, and then regenerated by the 
crossover and mutation operations in the genetic algorithms to obtain new individuals to be put into 
the new population, and the process is repeated until the new population is generated, and the new 
population generated after each generation of the algorithms will replace the old one [22]. Crossover 
operation is to randomly select two individuals in the population of the previous generation for 
crossover under the control of crossover probability eP  , and more genes will be provided by the 
individual with higher fitness value among the two individuals. The mutation operation first sets the 
initial mutation probability mP , [0,1]mP  . After generating the next generation of population, the 
fitness values of the best individuals in the two generations of population are compared, and if the best 
individual of the new population is smaller than the fitness value of the best individual of the old 
population, the initial mutation probability mP  is increased by 0.05, otherwise, it is decreased by 0.05, 
but the mutation probability is always kept between the value of the initial mutation probability and 
1. To ensure that the individual with the best fitness value is retained in the next generation of the 
population, the individual with the highest fitness value in the current population is used to directly 
replace the individual with the lowest fitness value resulting from the crossover and mutation genetic 
operations. At the same time, if the fitness value of the optimal individual in the previous generation 
population is higher than that of the optimal individual in the current population, the optimal 
individual in the previous generation population is used to replace the individual with the lowest 
fitness value in the current population. When the algorithm runs to generate a new product design 
scheme, and at the same time meets the artificial participation conditions, the decoding enters the 
virtual reality environment to participate in the artificial evaluation stage. 

2.5. Manual evaluation of design options in an analog simulation environment 

Simulation of the manual evaluation stage in the simulation environment, controlled by the computer 
host, through the four-dimensional form of the algorithmic content stored in the knowledge base and 
database is displayed in the virtual scene, the output of the final design results of the program, 
drawings or modeling to the customer. 

It is evaluated manually whether the optimal solution is generated. Setting the design product 
evaluation objective as 1 2( , , , )nu u u u   , the corresponding weights as iq   respectively, and 
expressed in a matrix as 1 2( , , , )nQ q q q  , each evaluation objective of the product is scored: 
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If a user-satisfied program is generated in the manual evaluation phase, then the algorithm is 
stopped, otherwise, it is transferred to the natural phase to continue running, and the program that 
does not meet the design requirements is eliminated. 

This completes the design of genetic algorithm in industrial product design under simulation 
environment. 

3. Industrial product design system based on genetic algorithm 

In the previous chapter, this paper conducted an in-depth study on the principle of genetic algorithm 
and its method to support the optimization of industrial product design, and constructed an industrial 
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product design model based on genetic algorithm. In this chapter, an industrial product design system 
based on genetic algorithm will be developed based on the industrial product design model proposed 
in this paper. 

3.1. System implementation framework 

The realization framework of the industrial product design system based on genetic algorithm is 
specifically shown in Fig. 1. The realization framework of the product form design system based on 
genetic algorithm includes the following steps. 

1) Define the product to be designed. 
2) Select product elements with development potential in the existing market and conceptual design 

to form an initial product population. 
3) Divide the products into functional units according to their functions to form a tree structure of 

product functional units. 
4) Establish the corresponding tree structure of product structural features according to this tree 

structure, which serves as the basic framework for 3D secondary development and the basis for coding 
product structural features. 

5) Selecting a suitable coding method, the product elements in the initial population are coded 
according to the tree structure of structural features to form a coded chromosome population of 
products. 

6) According to the coding method of genes, design the appropriate genetic operator, based on the 
evaluation of product programs, to ensure that programs with higher adaptability have a higher 
chance to participate in the genetic operation and be inherited into the next generation of the 
population. 

7) Using a questionnaire, find out the connection between the satisfaction of the product's 
functional units to the user's needs, constitute a binary group of the user's needs and functional units, 
and utilize the weighting method to quantify the size of the satisfaction of the binary group as the 
fitness of the individual genes. 

8) Decode the obtained satisfied product coding genes, isolate the parameters of each structural 
feature from them, and match the parameters with the corresponding structural units. 

9) Utilize SolidworkZO03 as a platform to build a new 3D model of the product solution based on 
the parameters of the corresponding functional units. 
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Fig. 1. The implementation process framework of industrial product design system 

3.2. System Functional Modules 

Genetic algorithm-based product form design system integrates product information resource 
collection and coding, product generation and product release, which can be categorized into product 
information collection and coding, genetic generation of product solutions, design expression and 
management service modules according to its functions. 

1) Product information collection and coding module. This module is the pre-preparation module of 
the genetic algorithm, including the collection of existing and innovative product information and 
product information coding functions. 

2) Genetic generation module of product program. This module is the core of the product form design 
system based on genetic algorithm. It mainly completes the function of product scheme development, 
which is the speciϐic realization of the application of genetic algorithm in product form design. It 
includes components such as selection, mutation and cross transformation of product programs. 

3) Design expression and evaluation module. This module mainly includes the three-dimensional 
drawing module of the product scheme and the weighted design evaluation form based on the 
questionnaire, which is the basis for determining the comprehensive adaptability of the product 
scheme. 

4) Management Service Module. This module consists of a knowledge base that contains knowledge 
related to the design and manufacturing process of the product. The knowledge base realizes the 
collection, updating and utilization of knowledge of the whole system. It is the coding basis and 
evaluation support standard for the product form design system based on genetic algorithm. 
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3.3. System Process and Key Steps 

Relative to traditional design, genetic algorithm-based product design adds the operation of genetic 
coding of products with development potential under the guidance of design knowledge in the design 
initialization stage, and the obtained genetic codes form the initial coding population of the product, 
and the design of functions, principles, shapes, layouts, and preliminary structures of the product in 
the conceptual design stage is implicitly included in the selection of the initial product in the 
initialization stage of the design in the design initialization stage. In the design development stage, it 
utilizes genetic operators to generate new design solutions rather than relying on manual generation 
and evaluation of possible solutions, reducing human intervention and increasing the degree of design 
automation. 

According to the characteristics of genetic algorithm and product design, the key steps of product 
design system based on genetic algorithm are as follows. 

The first step is to determine the design elements and their various constraints. That is, the 
representation of the individual product and the solution space of the problem are determined. 

The second step is to establish an optimization model, that is, to determine the type of objective 
function or objective system. For product morphology design, it is difficult to evaluate product 
adaptation with a single objective function, and it is necessary to establish an objective evaluation 
system to quantify the adaptation of product individuals. 

In the third step, the chromosome coding method for representing feasible product individuals is 
determined, i.e., the genotypes of product individuals and the search space of the genetic algorithm 
are identified. 

In the fourth step, the decoding method is determined, i.e., the correspondence or conversion 
method between the individual genotype and the individual phenotype of the product is determined. 

In the fifth step, the quantitative evaluation method of individual fitness is determined, i.e., the 
conversion rule from target value to individual fitness is determined. 

The sixth step is to design the genetic algorithm, i.e., to determine the specific operation methods of 
the genetic algorithms such as selection operation, crossover operation, mutation operation, and so 
on. 

The seventh step is to determine the operational parameters related to the genetic algorithm, i.e., to 
determine the population size, the number of generations of terminated evolution, the crossover 
probability and the mutation probability of the genetic algorithm. 

Feasible coding methods, the design of genetic operators are the two main issues to be considered 
when constructing genetic algorithms, they are closely related to the specific problems sought, and are 
the key to the success of the application of genetic algorithms. 

3.4. Functional realization methods and processes 

After determining the industrial product to be developed and designed, the system will decompose 
the functional units of the product and transform the structural features of the product into a 
parametric representation based on the industrial product design model in this paper. 

1) Functional unit decomposition of the product. Functional unit decomposition of industrial product 
form design should pay attention to several issues, the ϐirst is to consider the rationality of functional 
decomposition. That is, it is emphasized that the causal logical relationship between each functional 
unit should be reasonable. The logical relationship between a functional unit and other functional 
units is often one-to-many. That is, a function is often and more than one other function has a causal 
relationship, and often change over time, resulting in the difϐiculty of functional decomposition; 
Second, is to consider the realization of the product structure, that is, the reasonable description of the 
functionality of the product into a description of speciϐic shapes, sizes, and interrelationships between 
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the parts that can achieve these functions. A product tree hierarchical decomposition structure is 
formed for the industrial product to be designed. 

2) Parametric representation of product structure features. Based on the functional decomposition of 
industrial products, this paper proposes a hierarchical framework to support genetic algorithms. In 
this framework, three layers are included, i.e. product layer, functional unit layer and structural feature 
layer. From the perspective of genetic algorithm, the individuals in the upper layer are obtained by 
combining one or several individuals in the lower layer. For each layer, the initial population of 
individuals is iterated through many genetic operations to obtain a satisfactory solution population 
for that layer, and then some suitable individuals can be selected from this solution population to form 
the initial population of individuals in the upper level. 

4. Industrial product design optimization simulation experiment 

In this chapter, simulation experiments will be designed to compare the performance of the genetic 
algorithm-based industrial product design model proposed in this paper in a simulation environment. 
The comparison models selected for this simulation experiment are the traditional Apriori-based 
industrial product design model (“Apriori model”), the traditional SVM-based industrial product 
design model (“SVM model”), the traditional Random Forest-based industrial product design model 
(“Random Forest model”), and the traditional Random Forest-based industrial product design model 
(“Random Forest model”), and the traditional Random Forest-based industrial product design model 
(“Random Forest model”). (“SVM model”), and the traditional random forest-based industrial product 
design model (“random forest model”). 

The data used in this simulation experiment comes from the engine design assembly data of an 
engine manufacturing plant. Before formally carrying out industrial product design simulation 
simulation experiments, the model of this paper to run the parameter adjustment and settings, specific 
as shown in Table 1. 

Table 1. Operating parameter settings 

Operating parameters Parameter value 

Population 10~300 

Number of iterations 10~900 

Maximum crossover probability 0.8 

Minimum crossover probability 0.07 

Maximum mutation probability 1 

Minimum mutation probability 0.05 

4.1. Comparative analysis of operational efficiency 

The comparison results of the operation efficiency of different industrial product design models under 
different data sizes are specifically shown in Fig. 2. Where,the horizontal axis represents the data size, 
and the vertical axis represents the algorithm elapsed time. The results show that the computational 
time consumption of each algorithm increases with the increase of data size. In this comparison, the 
Apriori model consumes the most time, and with the increase of data size, its time consumption 
increases significantly, and the time consumption reaches 1767 s. In contrast, the time consumption 
of the model in this paper is always lower than that of the other comparative models, and the increase 
in time consumption is relatively stable. When the data size reaches 10000, the computation time of 
this paper's model increases by 716s compared to the data size of 1000, which is the lowest among all 
models. Obviously, the model in this paper has achieved significant improvement in operational 
efficiency. 
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Fig. 2. Comparison of algorithm efϐiciency 

4.2. Comparative analysis of convergence speed 

The convergence speed of each industrial product design model in generating optimal industrial 
product design results is specifically shown in Figure 3. As can be seen from the figure, the 
conventional Apriori model, SVM model, and random forest model converge after about 860, 430, and 
740 iterations, respectively, when generating the optimal industrial product design results. In contrast, 
the genetic algorithm-based industrial product design model in this paper achieves the exact 
convergence of the global optimal solution in about 300 iterations. This indicates that the model in 
this paper has the fastest convergence speed to generate the optimal industrial product design results, 
and the industrial product design efficiency is excellent. 

 

Fig. 3. Convergence curve 

4.3. Comparative analysis of product gene matching results 

Ten samples are randomly selected in the database, and the gene design parameters of industrial 
products are specifically shown in Table 2. In the table, DP1~DP5 represent gene design parameters 
such as length, width, thickness, curvature and material type in industrial product design in turn. 
Considering the interrelationship between the experimental samples in the experiment, the order of 
the experiment should be determined first, and the functionally independent product genes should be 
placed in the front. 
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Table 2. Product gene design parameters 

Number of the products DP1 DP2 DP3 DP4 DP5 

1 0 0 1 0 0 

2 1 1 0 0 0 

3 0 0 0 0 0 

4 0 0 1 0 0 

5 0 0 1 1 0 

6 1 1 1 0 0 

7 0 0 0 0 1 

8 1 0 0 1 1 

9 0 1 0 0 1 

10 0 0 0 0 1 

 
The experimental steps in this section are summarized as follows. 
1) Input the product genes and set the number of assignments to the initial randomly generated 

population of product genes to zero. 
2) Calculate the fitness function value for each product gene. 
3) Obtain the optimal product genes. 
4) Establish an evaluation index set for evaluating the quality of the two methods for selecting 

product genes. 
5) Using fuzzy evaluation method, compare the matching degree of product genes between 

traditional Apriori model, SVM model, random forest model and this paper's industrial product design 
model based on genetic algorithm. 

The product gene matching results of each model are specifically shown in Figure 4. From the 
experimental results in the figure, it can be seen that compared with other models, the product gene 
matching degree of this paper's model is higher, with a matching degree as low as 46.27% and as high 
as 68.76%. The product gene matching degree of traditional Apriori model, SVM model and random 
forest model is lower, always lower than the model in this paper, and there is an obvious deficiency in 
the optimal solution acquisition of industrial product design results. 

 

Fig. 4. Matching results of product genes 
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5. Practical application of industrial product design systems 

The performance of the industrial product design model based on genetic algorithm proposed in this 
paper is verified above by carrying out industrial product design optimization simulation experiments, 
while the effectiveness of the industrial product design system designed based on this paper's 
industrial product design model remains to be verified. In order to ensure the effectiveness of the 
industrial product design system based on genetic algorithm designed in this paper, this chapter will 
focus on the application practice of industrial product design system, using this paper's system for the 
optimization of pumped storage power station diversion steel fork pipe design, compared with the 
traditional industrial product design system (referred to as the “traditional system”) to explore the 
performance of this paper's system in the reality of industrial product design. The system is compared 
with the traditional industrial product design system (“traditional system”) to discuss the 
performance of the system in the real industrial product design. 

5.1. Industrial product design accuracy 

The main design parameters of the bifurcation pipe are 7, which are the maximum Mises stress on the 
outer surface of the shell ( 1P ), the maximum Mises stress on the middle surface of the shell ( 2P ), the 
maximum Mises stress on the inner surface of the shell ( 3P ), the integral membrane stress at point K 
( 4P ), the overall membrane stress at point L ( 5P ), the Mises stress at point M of the rib plate ( 6P ) 
and the total volume of the bifurcation pipe ( 7P ). 

The goodness of fit ( 2R  ) and root mean square error (RMSE) are introduced to evaluate the 
parameters of the forked pipe design to explore the industrial product design accuracy of this paper's 
system and the traditional industrial product design system. The value of 2R  ranges from 0 to 1. The 
closer the value of 2R  is to 1, the better the prediction is. Similarly, the smaller the value of RMSE, the 
better the prediction effect, i.e., the better the industrial product design accuracy. 

The results of the goodness of fit and root mean square error for each system on different design 
parameters are specifically shown in Table 3. It can be seen that the value of 2R  of the traditional 
system is generally lower than 0.9, and the lowest value is 0.001. The RMSE values are also generally 
high, except for 2P , the RMSE values of other design parameters are all higher than 0.5. In comparison, 
the value of 2R  of the system in this paper is close to 1, and the RMSE values of the design parameters 
are lower than 0.5, and all of them are lower than the RMSE values of the traditional system. It can be 
clearly seen that the system in this paper performs better than the traditional system in industrial 
product design accuracy. 

Table 3. 2R  and RSME 

Design parameter 
System of this article Traditional system 
2R  RSME R2 RSME 

1P  0.998 4.075 0.842 6.456 

2P  0.999 5.525 0.752 5.741 

3P  0.997 3.162 0.884 6.166 

4P  1 0.271 0.863 5.995 

5P  1 0.235 0.752 8.146 

6P  0.999 4.441 0.876 7.491 

P7 1 0.001 0.755 7.924 

5.2. Quality of industrial product design 

Using the industrial product design system based on genetic algorithm designed in this paper and the 
traditional industrial product design system, six pumped storage power station diversion steel fork 
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pipe design experiments were carried out respectively, and the product quality parameters and 
revised parameters in the design are specifically shown in Table 4. 

Table 4. Parameters 

Number of experiments Product quality parameters Revised parameters 

1 500 10/7 

2 600 10/9 

3 700 10/9 

4 800 20/13 

5 900 20/13 

6 1000 25/17 

 
The product quality scores of the industrial products designed by this paper's system and the 

traditional system - pumped storage power station diversion steel forked pipe are specifically shown 
in Fig. 5. As can be seen from the figure, the product quality scores of this paper's system in six 
experiments are higher than the traditional system, and the average product quality score reaches 
0.157, while the average product quality score of the traditional system is only 0.085, which is much 
lower than this paper's system. 

 

Fig. 5. Product quality score 

In six experiments, the discrete degree of process indexes of this paper's system and the traditional 
system in the forked pipe is specifically shown in Fig. 6. It can be seen that the process indexes of this 
paper's system in the forked pipe design are floating in the interval of [-1,1], and the dispersion degree 
of process indexes is low. The fluctuation of the process indicators of the traditional system is obvious, 
fluctuating significantly in the interval of [-4,4], and the degree of dispersion is significantly higher 
than that of the system in this paper. This indicates that compared with the traditional system, the 
system in this paper can better and more accurately complete the design of process indicators, and has 
better performance in process product design. 
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Fig. 6. Dispersion degree 

6. Conclusion 

In this paper, an industrial product design optimization model based on genetic algorithm is 
constructed, and a corresponding industrial product design system is built to carry out an in-depth 
study on the design optimization of industrial products. The performance of the industrial product 
design model in this paper is verified through simulation experiments of industrial product design 
optimization. In terms of operation efficiency, the time consumption of this paper's model is always 
lower than that of other comparative models such as Apriori, SVM, random forest, etc., and the increase 
in time consumption is relatively stable, with the increase in computation time when the data size 
grows from 1,000 to 10,000 being only a minimum of 716 s. In terms of the convergence speed, the 
Apriori model, the SVM model, and the random forest model are about 860, 430, and 740 iterations, 
respectively, After 740 iterations, the adequate product design results generated by Apriori model, 
SVM model, and random forest model converge. The model in this paper, on the other hand, realizes 
the exact convergence of the global optimal solution only when it is iterated for 300 times, which has 
the fastest convergence speed. In addition, the lowest and highest product gene matching degrees of 
this paper's model are 46.27% and 68.76%, respectively, which are also consistently higher than the 
other compared models. It can be seen that the industrial industrial design model based on genetic 
algorithm proposed in this paper has good performance. 

Further industrial product design system application practice is carried out to explore the 
effectiveness of this paper's system in actual industrial product design. In the design of pumped 
storage power station diversion steel fork pipe, the value of 2R  of the traditional system is generally 
lower than 0.9, and the RMSE values of other design parameters except 2P  are all greater than 0.5. 
In contrast, the value of 2R  of this paper's system is close to 1, and the RMSE values of the design 
parameters are lower than 0.5, the RMSE values are much lower than that of the traditional system, 
which is excellent in the design accuracy of industrial products. As for the design quality of industrial 
products, the average product quality score of the system in this paper reaches 0.157, which is higher 
than the average product quality score of 0.085 of the traditional system. Moreover, the process index 
of the system always floats in the interval of [-1, 1], and the dispersion of the process index is lower 
than that of the traditional system which fluctuates significantly in the interval of [-4,4]. Overall, the 
industrial product design system built on the basis of the industrial product design model in this paper 
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is excellent in the accuracy and quality of industrial product design, and can provide positive 
assistance to people in the real industrial product design work. 
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