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ABSTRACT 

 

This paper describes an application of simulation-based 

optimization within the aircraft engine manufacturing 

domain. The study is performed at the company GKN 

Aerospace and considers the optimization of priorities of 

components in x-ray stations. More specifically, the 

optimization aims to reduce delays by finding an efficient 

prioritization of components waiting to be x-rayed. An 

evolutionary optimization algorithm is being implemented 

and connected to a discrete-event simulation model for 

evaluating solutions. For deploying the simulation-based 

optimization, a web-based system is developed that adopts 

distributed simulation agents for increased efficiency.  

 

INTRODUCTION 

 

GKN Aerospace in Sweden develops and manufactures high-

technology components for aircraft and gas turbine engines. 

Components manufactured at GKN Aerospace in Sweden 

can be found in both commercial and military aircraft 

markets, as well as in rocket engines. The focus of this study 

is a newly installed workshop at the company that produces 

turbine frame structures that demands high quality controls. 

The workshop includes stations for washing, x-ray, liquid 

penetrant testing, automatic laser and plasma welding, 

manual welding, CNC and manual burring. In the study, the 

three x-ray stations are come under specific focus as these 

are considered as a critical point in the production flow. 

Currently, the order in which components are x-rayed in the 

stations are based on a prioritization done by an operator. 

For a human to find the best prioritization among 

components is, however, not trivial due to the complexity of 

the problem. The problem is both mathematically complex 

(of size (n!)
3
) and complex with respect to a fluctuating 

inflow and variable operation times in the manufacturing 

process. The complexity has raised a need of replacing the 

current manual approach of prioritization with an automatic 

optimization procedure. The main aim of the optimization is 

to decrease delays, as the components being processed are 

highly capital-intensive and on-time deliveries are important. 

Due to the complexity of the manufacturing process, a 

simulation-based approach is used for realizing the 

optimization rather than an analytical method. The 

simulation model of the workshop, created by simulation 

experts at the company, is described in the following section. 

 

SIMULATION MODEL 

 

The simulation model is created using the discrete-event 

simulation software SIMUL8 (see www.simul8.com). The 

simulation model (Figure 1) includes all machines, operators, 

fixtures and buffer zones present in the real workshop. Setup 

times, breakdown settings, operation times and other 

variables in the model according to the real manufacturing 

process. The simulation model has two types of inputs: 

decision inputs and environment inputs. The decision inputs 

specify the priority setting for each component, and these 

inputs are to be generated by the optimization process. The 

environment inputs specify the current state of the workshop 

and its settings. This information, including for example 

components currently in the production flow, number of 

operators in each work area and processing times, is partly 

specified manually and partly imported from the company’s 

resource enterprise software SAP.  

 

The outputs measured from the model are the delay 

respective type of component along with the total delay of all 

components. These outputs are used in the optimization 

process to iteratively improve solutions, as further described 

in the next section. 

 

 
Figure 1. Screenshot from SIMUL8. 

 

OPTIMIZATION 

 

The optimization of component priorities is a combinatorial 

problem of complexity (n!)
3
. Using an exact optimization 

method that evaluates all possible solutions in order to find 

the best one is not possible as this would need a huge 



 

computing time. Instead, an optimization technique that is 

not guaranteed to find the optimal solution, but a sufficiently 

good one in a short time is appropriate for solving the 

problem. One such technique that has been proven to 

successfully optimize complex manufacturing problems is 

evolutionary algorithms (Boesel et. al, 2001; Deb 2004), and 

this is also the technique used in this study. Evolutionary 

algorithms are essentially based on Darwin’s theory about 

“survival of the fittest” (first described in Darwin 1859). 

According to this theory, in a population of individuals, the 

ones having the most desirable characteristics will be given 

the best opportunities to mate and carry on their genes. In 

this way, Darwin argued, good genes will propagate through 

generations and the population increasingly improves over 

time. This same idea is adopted in evolutionary algorithms 

for iteratively evolving (refining) solutions over time. A 

solution in this case represents a set of component priorities. 

 

In evolving a population of solutions, evolutionary 

algorithms apply biologically inspired operations for 

selection, mating and mutation (Bäck et. al., 2007). The 

operators are applied in a loop, and an iteration of the loop is 

called a generation. During each generation, a proportion of 

the solutions is selected to breed offspring for the next 

generation of the population (that is, create new solutions). 

Solutions are selected based on their fitness, representing a 

quantification of their optimality, in this case the total 

component delay (which is to be minimized). The fitness is 

obtained by running the simulation model with the specific 

solution. From the solutions selected, new solutions are 

created to form the next generation of the population. The 

process of evaluating solutions and forming a new generation 

of the population then starts all over again and continues for 

a user-defined time period, as shown in Figure 2 and Figure 

3. 

 

  

 

 

 

 

 

 

 

 

 

Figure 2. Iterative process. 

 

---------------------------------------------------------------------------- 
Initialize population 
Evaluate the fitness of solutions in the population 
repeat 
  Select solutions to reproduce 
  Form a new population through mating & mutation 
  Evaluate solutions in the new population 
until terminating condition 
---------------------------------------------------------------------------- 

Figure 3: Basic steps of an evolutionary algorithm. 

 

 

In the implementation done in this study, a solution is 

encoded as a list of unique integers values representing 

priorities. The first value of the list is assigned to component 

number one, the second value to component number two, and 

so on. When the algorithm is initiated, the list is populated 

with random numbers (priorities). For the creation of new 

solutions, a so called “order crossover” (Deep and Mebrahtu, 

2011) is used due to the strict requirement of uniqueness of 

values in a solution (no integer can be repeated as this would 

result in the same priority of two components). In the 

crossover, two parents, p1 and p2, are selected and used to 

create two offspring, o1 and o2 (Figure 4). The crossover 

operation starts by copying a range of the string from p1 to 

o1; then, the rest of the numbers will be copied from p2 to o1 

in the order that they appear and only numbers that have not 

already been copied. The same process applies to o1 but with 

o2 as the first parent and p1 as the second. It can be noted 

that the parents are selected through binary tournaments in 

which two solutions in the population are randomly picked, 

and the one with the best quality is selected to become a 

parent. 

5 3 4 8 1 2 7 6

3 8 6 7 2 4 1 5

5 8 6 7 2 4 3 1

Parents

6 3 4 8 1 2 7 5

Offsprings

O1O2

 
Figure 4. Example of ordered crossover. 

 

Occasionally, the offspring solutions can undergo a small 

mutation in order to keep the diversity of the population 

large and avoid local minima. A mutation involves changing 

an arbitrary part of a solution with a certain probability, and 

in this case a partial shuffle mutation (Deep and Mebrahtu, 

2011) is being used. In this mutation, integers are randomly 

swapped in a range as shown in Figure 5. First, two offsets 

are randomly generated, and then all integers in the range 

between the first and the second offset are swapped 

randomly. 

5 3 4 8 1 2 6 7

6 3 4 8 1 2 7 5

O1O2

 

Figure 5. Example of mutation. 

 

The next section continues with describing how the 

evolutionary, simulation-based optimization procedure is 

embedded in a software platform for enabling execution and 

monitoring of optimizations.  
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SOFTWARE PLATFORM 

 

The platform is implemented using a web-based approach in 

which a server holds the simulation-optimization system and 

and a web client shows the user interface (Figure 5). A web-

based platform allows for optimizations to be run from 

anywhere with an internet connection, and not only from the 

specific computer that has the SIMUL8 software installed. 

Furthermore, the maintenance of a web-based platform is 

easier since they do not have to be installed on each client’s 

computer. Updates can instead be made on the server and 

reach the clients instantly, eliminating virtually all on-site 

maintenance and allowing for a frequent update scheme.  
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Figure 5. Conceptual picture. 

 

System architecture 
 

The architectural design of the platform is presented in 

Figure 6. In order to achieve a manageable complexity of the 

software, the system is divided into four components: a) user 

interface, b) web server, c) database server, and d) simulation 

agents. An optimization is initiated by a start command sent 

from the user interface to the web server. The web server was 

implemented using the software Apache Tomcat (see 

tomcat.apache.org), mainly because it supports multiple 

operating systems and is free of charge. Upon receiving a 

start command, the web server starts a simulation-

optimization process and eventually returns the best priority 

list found. To reduce the optimization time, a distributed 

approach with multiple, parallel simulation agents is used. 

Distributing simulation evaluations is necessary from a 

practical perspective due to the fact that a single simulation 

run takes about 1 seconds, and in total about 10 000 

simulations are needed for an optimization. 

 

The optimization results are stored in a database from which 

they can be retrieved over time. In an industrial environment, 

viewing historical results is often of interest with regard to 

analyzing the past and making predictions for the future. 

PostgreSQL was chosen for the database server on the basis 

of its well-known stability and the fact that the use of the 

software is free of charge. 

 

Web serverWeb server Database serverDatabase server

Simulation agentsSimulation agents

Internet

…...

User interface

 
Figure 6. System architecture. 

 

User interface 
 

The user interface is in the form of a web page reachable 

from anywhere with an internet connection. The web page 

was created using PHP, JavaScript and HTML5. The content 

of the user interface was developed using an iterative process 

undertaken in cooperation between the company and the 

software developer at the university. A screenshot of one part 

of the user interface is presented in Figure 7. In this 

screenshot, the panel to the left shows the menu from which 

the user can access various functions in the platform. The 

user starts by specifying the current status and configuration 

of the manufacturing process. This is done using the 

“INDATA” menu alternative (shown in Figure 7). The 

required data includes shift period, status of components 

currently in the workshop, list of components planned to 

enter to workshop, availability of fixtures, availability of 

operators, and scheduled maintenance. All this information is 

needed for the simulation model to be able to mimic the 

operations of the real manufacturing process in a realistic 

manner. When the user has specified the necessary input, the 

simulation-optimization is started using the 

“OPTIMIZATION” menu alternative. 

 

When an optimization is finished, the results is shown in the 

“PRIORITY LIST” menu alternative. This page shows all 

components waiting in the x-ray area in the workshop, and 

also the priorities of components queuing for a specific x-ray.  

Working with the priorities is an easy, two-step process: 

 

1. When a component arrives to the x-ray area, the operator 

selects the component from a list in the user interface 

and the component is automatically inserted to the x-ray 

queue in the correct position based on the optimized 

priority list. 

2. When a component is finished in an x-ray station, the 

operator removes the component from both the real x-

ray station and from the virtual x-ray queue in the user 

interface.  

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 7. Screenshot of user interface. 

 

EVALUATION 

 

Experts at GKN Aerospace have created a typical scenario 

for the test case that involves 59 components, giving a (59!)
3
 

complexity of the problem. The settings for the optimization 

algorithm as used in the test case are given in Table 1. 

 

Table 1. Algorithm settings. 

Population size 100 

Number of evaluations 10000 

Initialization Random 

Selection for mating pool Binary tournament 

Crossover 90% Order crossover 

Mutation 10% Shuffle mutation 

 

For evaluating the performance of the evolutionary 

algorithm, a hill climbing algorithm is also implemented and 

applied on the same problem. Hill climbing is selected since 

it is well-known, simple to implement and often used for 

baseline comparisions. Hill climbing is an iterative algorithm 

that belongs to the family of local search algorithms (Russell 

and Norvig, 2003). The algorithm starts with a random 

solution to the problem and attempts to find a better solution 

by mutating (changing) the solution. If the mutation produces 

a better solution, it is kept and the procedure is repeated until 

no further improvements can be made. The hill climbing is 

implemented with shuffle mutation and is run for 10 000 

evaluation, just as the evolutionary algorithm. 

 

The result from the optimization process is shown in Figure 

8. The x-axis shows the mean value of the total component 

delay (for company integrity reason, the values have been 

transformed and the unit is not specified) and the y-axis 

shows the generation of the evolutionary algorithm. The grey 

arrow marks the best solution found by the hill climbing 

algorithm after 10 000 evaluations. 
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Figure 8. Results from optimizing 59 components. 

 

Figure 8 shows that the evolutionary algorithm successfully 

optimizes the problem and that it outperforms the hill 

climbing algorithm. However, the progress of the 

evolutionary algorithm is relatively slow. To see whether the 

search performance would improve with a reduced 

complexity of the problem, an experiment with only one x-

ray station where also performed. With only one x-ray station 

the complexity of the problem is reduced from (59!)
3
  to 59!. 

However, the results of this experiment is similar to the first 

one, which indicates that the problem has a high complexity 

also when considering only one x-ray station. 

 

It has not yet been possible to implement and evaluate the 

optimized solutions in the real workshop. However, 

compared to the manual approach of handling prioritization 

of components, the simulation-optimization system 

implemented has considerable advantages. Since no manual 

control or intervention in the optimization process is 

necessary, a lot of time and effort are saved for the operator 

responsible for prioritizing components in the x-ray stations. 

This advantage, in combination with the potential of 

significantly increasing the efficiency of the workshop, can 

hopefully motivate a deployment of the simulation-

optimization system in the future. 
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SUMMARY 

 

This paper presented a real-world case study of simulation-

based optimization within the aircraft engine manufacturing 

domain. The study was performed at the company GKN 

Aerospace and considers the optimization of priorities of 

components in three x-ray stations in one of the company’s 

workshops. The aim of the optimization was to reduce delays 

by finding an efficient prioritization of components waiting 

to be x-rayed. For performing the optimization, an 

evolutionary algorithm was implemented and connected to a 

discrete-event simulation model. The simulation model was 

created using SIMUL8 and designed to closely mimic the 

real manufacturing process. 

 

For deploying the simulation-based optimization, a web-

based system was developed. A web-based system was 

considered advantageous as it allows for easy access from 

anywhere with an internet connection and without the need of 

installing SIMUL8. The web-based approach also simplifies  

maintenance since updates can be made through a server and 

on-site maintenance is not needed. The graphical user 

interface of the system is in the form of a web page where the 

user can execute optimizations and watch results. For 

increased efficiency, the simulation-optimization system 

adopts distributed simulation agents. Using a distributed 

approach means that several simulations can be performed at 

the same time and the total execution time of the 

optimization can thereby be significantly reduced. From a 

practical perspective, the distributed approach is necessary 

considering that a single simulation run takes about 1 second 

and about 10 000 simulations are needed for an optimization.  

 

Results from running the simulation-based optimization 

system showed that the evolutionary algorithm was able to 

successfully optimize the problem. Compared to a hill 

climbing algorithm, the evolutionary algorithm found 

significantly better solutions. However, the search progress 

of the evolutionary algorithm turned out to be relatively 

slow, which is probably due to the high complexity of the 

problem. An important aspect to consider in the future for 

improving the search progress is to elaborate on the 

crossover operator used in the algorithm. The crossover is a 

vital part of an evolutionary algorithm (Goldberg, 1989) and 

it might be that the implemented operator was not the most 

efficient one. This aspect needs further research and several 

crossover operators need to be compared. It would probably 

also be of advantage if some meta-knowledge of input/output 

correlations could be found and used in the crossover 

process. 
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