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ABSTRACT  

This paper deals with a simulation optimization of a manufacturing system using the real-

coded genetic algorithm to test performances of genetic operators. Genetic algorithms are 

known to be more effective method than other methods to find a global optimum, because 

genetic algorithms use entity pools to find an optimal value. We use the reproduction operator, 

the remainder stochastic sample with replacement and the crossover operator, the simple 

crossover. And we use the mutation operator, the dynamic mutation that configures the 

searching area with generations. We discuss about the influence of the size of the population, 

the crossover rate, and the mutation rate to optimize a simulation model of a manufacturing 

system with real-coded genetic algorithm. This simulation model is applicable to the 

optimization of manufacturing fields in the global business world. 
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INTRODUCTION   

Simulation method is developed to solve system design problems that can not be expressed in 

explicit analytical or mathematical models. Also, the method has been used to test a value 

chain of a global business model. Simulation method gives the simulation results about the 

given constraints but the method does not find the values of decision variables to guarantee 

the optimum result. Especially, because the simulation results have stochastic properties it is 

very difficult to obtain the optimal solution. Therefore we apply the classical optimization 

methods to simulation method and use the methods to solve simulation optimization 

problems (Meketon, 1987; Ho et al., 1993). 

Because genetic algorithms, one of optimization methods, which are used together with 

simulation method, consider not a decision variable but the pool of decision variables when 

we find the optimal solution, the methods have more possibility than other methods to obtain 

the optimum so that genetic algorithms are known to more effective methods. Yunker and 

Tew (1994) studied about the efficacy of optimization results using simulation method and a 

genetic algorithm. Lee et al. (2000) used a binary-coded genetic algorithm to optimize the 

simulation model of an assembly line and showed the method gives good results. 
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The binary-coded genetic algorithm that is used to code chromosomes is known to easy and 

popular method. But in real world problems the real-coded genetic algorithm is known to be 

more effective method than the binary-coded genetic algorithm because the binary-coded 

genetic algorithm has some problems those are hemming cliff, encoding and decoding 

procedure, and etc. In real problems the reasons to use the real-coded genetic algorithm are as 

follows (Jin, 2000):  

(1) We can accelerate the searching speed because we do not need the encoding process and 

the decoding process that are requested to binary-coded genetic algorithm. (2) We can 

improve the accuracy of solution through a local alignment of real-coded genetic algorithm. 

In binary-coded genetic algorithm the local alignment is very difficult because of hamming 

cliff. (3) It is possible to set a global region even if we can’t have preliminary knowledge 

about a solution. (4) We can easily realize special operators that are close to problem spaces 

and that include related knowledge. (5) We can simply design a tool to treat complex 

constraints because the method is close to problem spaces. 

Park and Oh (2006) proposed new multi-objective genetic algorithm to obtain a pareto 

optimal solution using real-coded genetic algorithm. Also, Park(2007) experimented a 

possibility of  a real-time simulation using ARENA tool and VBA language. This paper has 

its origin in Park (2005) which does not provide sufficient explanation about its results; and 

so we are motivated to improve it in the paper. 
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Therefore, in this paper we use the real-coded genetic algorithm that is known as more 

effective method than the binary-coded genetic algorithm when we optimize manufacturing 

systems. Also we use reproduction operator as the method of remainder stochastic sample 

with replacement, crossover operator as the method of simple crossover, and mutation 

operator as the method of dynamic mutation.   

 

SIMULATION MODEL  

In this paper, we refer to the model of Kelton et al. (2002). A small production system has 

parts arriving with inter-arrival times distributed as TRIA (6, 13, 9) minutes. All parts enter at 

the dock area, are transported to Workstation 1, then to Workstation 2, then to Workstation 3, 

and finally back to the dock, as indicated in the Figure 1. All part transportation is provided 

by two carts that each moves at 15 m to 21 m per minute. The distances from the dock to 

each of Workstation 1 and 3 are 15 m, and the distances between each pair of workstations 

are also 15 m. Parts are unloaded from the cart at Workstations 1 and 3 for processing, but 

parts get processed on the cart at Workstation 2. Processing times are 10-15 minutes, 8-11 

minutes, and 8-18 minutes, respectively. Assume that all load and unload time are negligible.   

At the Figure 1, parts flow the sequences Workstation 1 �  Workstation 2 �  Workstation 3. 

Then the carts can move regardless of the sequences of parts at workstations. That is, it is 

possible to move at Workstation 1 to Workstation 3 and also the dock to Workstation 3. 
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Figure 1. A conceptual diagram of a manufacturing system 

 

The used simulation model, in this paper, is made by a simulation tool, ARENA and the real-

coded genetic algorithm is coded by VBA that is embedded in ARENA. Finally we interface 

between the simulation model and the genetic program, and then run optimization process. 

Figure 2 shows the connections between ARNA tool and VBA language.  

 

 
Figure 2. Model process between ARENA and VBA 

 

THE REAL-CODED GENETIC ALGORITHM 

Genetic algorithms get encouraged by the theme of evolution and then appeared as a kind of 

calculation model. Also the algorithms are a searching algorithm based on survival of the 

fittest and genetic mechanism. The structure of genetic algorithms is the same as the structure 

of general evolution algorithm. Genetic algorithms act searching process using reproduction 
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operator, crossover operator, mutation operator, and fitness that are different from existing 

optimization algorithms. These procedures do not need differentiation of objective function 

or special mathematical calculations. Also, the methods are differentiated with existing 

optimization algorithms because the methods search solutions based an entity pool that is 

grouped by entities. So we call the methods as a parallel searching method. 

Genetic algorithms make entity pools of a chromosome vector that is possible to be a solution 

during fixed generations and then evaluate the fitness value of each solution. In this process 

we select more adjustable entities and we reproduce new entity populations using the entities. 

The reproduction is a process to copy entities using a fitness function. Some genes of 

chromosomes that are located in new entity groups constitute new solution through the 

transformation process by crossover and mutation. Crossover interchanges parts of parent’s 

chromosome to combine parent’s characteristics and then constitutes similar two descendants. 

Mutation changes genes with a probability that is same to mutation rate and then changes 

genes of a chromosome (Michalewicz, 1996). That is, mutation process selects genes that 

accommodate to surroundings, crosses them, and sometimes mutates them to transfer 

superior genetic characteristics to next generation.  

At a continuous searching space, real-coded genetic algorithm is more natural than binary-

coded genetic algorithm when we make the optimization process of decision variables. If we 

express a chromosome as real number we can obtain genes that are expressed by real 
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numbers and the obtained genes coincide with values of decision variables by one to one 

matching. 

Wright (1991) and Radcliffe (1991) tried to establish schema theorem of real-coded genetic 

algorithm using adequate schema definition which is similar to binary-coded genetic 

algorithm. Wright defined real-coded schema that is useful to systematize schema theorem of 

real-coded genetic algorithm after he studied the concept of binary-coded schema about 

continuous function of real variables. Radcliffe introduced the equivalent relation and 

extended the concept of implicative parallel to the expression of non-string. We can 

efficiently analyze any genetic operator using the concept. 

We call it as encoding if we change an entity into a chromosome and we call it as decoding if 

we change a chromosome into an entity. The encoding process and the decoding process are 

essential to binary-coded genetic algorithm. But real-coded genetic algorithm doesn’t need 

the encoding process and the decoding process because it is possible to make one to one 

relation using a real number and a chromosome. At the Figure 3 of this paper, we display the 

concept diagram of a simulation model that is connected with real-coded genetic algorithm. 

The concept diagram differs from Lee et al. (2000) that use binary-coded genetic algorithm. 
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Figure 3. The conceptual diagram of simulation model with real-coded genetic algorithm  

 

 

In real-coded genetic algorithm, because a chromosome of a population is map to a decision 

variable with one-to-one, genes of a chromosome are made by a decision variable which has 

the value of real interval. The Table 1 shows the constrained value intervals of decision 

variables and decision variables that are used as genes of a chromosome. In this paper, 

because we use real-coded genetic algorithm, the values of decision variables that are 

expressed as genes of a chromosome are selected as a real number within upper limit and 

lower limit. The selected value of decision variables is used as input value of simulation 

model and gives the value of an objective function to calculate the value of fitness. 
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Table 1. The Allowed Interval of Decision Variables 

Gene # Decision variable Lower bound Upper bound 

1 Process time of WS1 10 15 

2 Process time of WS2 8 11 

3 Process time of WS3 8 18 

4 Speed of Cart 15 21 

 

We select each gene within the defined interval of decision variables that are explained at the 

Table 1 and make a chromosome before we run a simulation model. For example, if the value 

of decision variables is (10, 9, 15, 20), then the chromosome of population is same to (10, 9, 

15, 20) because we use real-coded genetic algorithm. In order to optimize the proposed 

example using simulation we should consider the objective function that can select the 

optimal alternative. The objective function, therefore, can be considered to optimize a 

manufacturing system, can be variously selected according to the intended objective. In this 

paper we consider the condition to maximize an output quantity per unit time as an objective 

function. Table 2 explains the fitness function and the objective function that are used for 

real-coded genetic algorithm of the proposed example.  

 

Table 2. The Objective Function and the Fitness Function  

Objective function Fitness function 

Maximize throughput Simulated throughput 

 

 

The optimization result of a simulation model with the genetic algorithm can be differed from 
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the used operators, the reproduction operator, the crossover operator, and the mutation 

operator. Real-coded genetic algorithm uses different operators which are different with 

binary-coded genetic algorithm because the chromosome of real-coded genetic algorithm is 

differently made with binary-coded genetic algorithm. From now, we explain usable methods 

in real-coded genetic algorithm and then we select operators of the genetic algorithm to 

optimize the simulation model with real-coded genetic algorithm. 

  

Reproduction Operator  

The methods can be used as a reproduction operator of real-coded genetic algorithm are the 

deterministic sampling, the remainder stochastic sample with replacement, the stochastic 

universal sampling, the tournament selection, the local selection, the ranking-based selection, 

the generational selection, the steady-state selection, and etc. 

The roulette wheel selection is the most popular method and can’t effect to the transformation 

of total genes’ type within a population because the method only selects a chromosome and 

copies it from a prior entity group according to the size of a given probability and the method 

can’t change a gene itself. Also, the method has a weakness that can’t always select the fittest 

for selection process because of the stochastic property.   

The deterministic sampling is developed to cover the weakness of the roulette wheel selection 

and the method is similar to the remainder stochastic sample with replacement. The method, 
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at first, assigns the size of integer value of each chromosome’s expectation. At second, the 

method arranges chromosomes according to the size of decimal point of each chromosome 

and selects a chromosome in size order of the decimal point.  

The remainder stochastic sample with replacement is an improved method of deterministic 

sampling and the method is one of the popular methods. The method, at first, assigns the size 

of integer value of each chromosome’s expectation. At second, the method selects a 

chromosome after probabilistic bidding of the value of decimal point. In this paper we use 

this method as reproduction operator of real-coded genetic algorithm [Jin, 2000].   

The converging speed of new population through reproduction process depends on the size of 

population. The size of population depends on coding technique and the size of coded 

chromosome. The first study about the adequate size of entity population is tried by Goldberg 

(1985, 1989b). But it is not true that the lager size of population, the faster speed of 

converging.  

The general size of population reported by Goldberg (1989a) is 30-200. In this paper, 

therefore, we select the test size of population as 20, 40, 80, and 200 and test each case of 

population size. 

 

Crossover Operator 

After finishing the reproduction process we review chromosomes of generated entity 
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populations and interchange the information of genes. We call these procedures as crossover 

process. The implemented operators of crossover process depend on coding method. 

Therefore we should use a crossover operator that is adequate to real-coded genetic algorithm 

because it is difficult to apply operators which are based on binary-coded genetic algorithm 

or symbolic-coded genetic algorithm.  

Crossover operators of real-coded genetic algorithm are the simple crossover, the arithmetical 

crossover, the flat crossover, the Wright’s heuristic crossover, the linear crossover, and etc. 

The simple crossover proposed by Wright (1991) crosses optionally selected parent 

chromosomes at crossover point that is randomly selected and then generates two 

descendents. The arithmetical crossover is based on a convex set theory to relax the 

discontinuity of a crossover point that is occurred at the simple crossover (Michalewicz, 

1996). The flat crossover crosses entity populations of 2 parents and then generates only one 

descendant (Radcliffe, 1991). The Wright’s heuristic crossover generates only one descendant 

entity population from a parent’s entity populations and then decides the searching direction 

using fitness (Wright, 1990). The linear crossover generates the entity populations of 3 

descendants from a parent’s entity populations (Wright, 1991). In this paper we use the 

simple crossover that is simple and popular. Lee et al. (2000) recommends the crossover rate 

to 60% - 90%. Also Jin (2000) recommends the rate to 80% - 90%. So, we assume the 

crossover rate as 50%, 80%, 90%, and 100% and test each case.      
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Mutation Operator  

Mutation means that genes of a chromosome are changed by mutation rate after finishing 

crossover process. We, generally, set a small mutation rate because the mutation probability 

which is occurred at the natural world is very slight. If the mutation of a chromosome is 

frequently occurred the selected solutions have same results with the solutions which are 

randomly selected. 

Mutation operators of real-coded genetic algorithm are the uniform mutation, the boundary 

mutation, the real number creep mutation, the dynamic mutation, and etc. The uniform 

mutation changes a gene to a real number within a fixed area if a gene of a chromosome is 

mutated. The method acts important role to initial generation because it is possible to freely 

search all searching areas and can obtain a new solution using the method (Michalewicz, 

1996). The boundary mutation is a modified type of the uniform mutation. If mutation is 

occurred at a chromosome the method randomly selects one value from two boundary values. 

The real number creep mutation adds a small real number to a mutated gene or vice versa 

(Davis, 1991). The dynamic mutation can make the detailed configuration of a gene to 

increase solution accuracy. Also the method is most popular because the method can 

configure the searching area with generations (Janikow and Michalewicz, 1991). In this paper, 

therefore, we use the dynamic mutation that can configure the searching area. We use the 

mutation rate as 0.5%, 0.7%, 0.9%, and 1.0% because the general mutation rate is known as 
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0.5% - 1.0%.    

 

EXPERIMENTATION AND ANALYSIS  

We explained operators which are used to optimize a manufacturing system using real-coded 

genetic algorithm at the chapter 3. As explained at the above chapter, in this paper we use the 

remainder stochastic sample with replacement as reproduction operator, the simple crossover 

as crossover operator, and the dynamic mutation as mutation operator. 

In order to compare with the result of each case we assign basic parameters that the size of 

entity population is 40, the crossover rate is 80%, and the mutation rate is 0.5%. That is, we 

change the size of entity population from 20 to 200 to reproduce entities but the crossover 

rate is fixed to 80% and the mutation rate is fixed to 0.5%. Also if we change the crossover 

rate, then the population size and the mutation rate is fixed. We suppose the simulation model 

of 1,000 generations with 4 constraints.  

 

Experimentation of Reproduction Operator  

To test the reproduction operator we change the population size to 20, 40, 80, and 200. But in 

this time parameters of crossover operator and mutation operator are fixed to 80% and 0.5%. 

The Figure 4 shows the value of an objective function (maximize throughput) per each 

generation after optimizing the simulation model of a manufacturing system during 1,000 
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generations. In case the size of population is 20 (p=20) the simulation model converges to 76 

from 292 generation. If the size of population is 40 (p=40) the model converges to 81 from 

252 generation. Also, if the size of population is 80 (p=80) the model converges to 81 from 

252 generation. In case the size of population is 200 (p=200) the model converges to 82 from 

9 generation. From the test results we find that the simulation model ends very fast at the size 

of population, p=20. But at the population size, p=20, the model converges to 76 after 292 

generation, which is a small value than objective values of other population sizes. Generally, 

the more the size of population is large the more the simulation run time is long. But, we can 

obtain good results the more the size of population is large because the big population size 

has many initial solutions. That is, the more we have many initial solutions, the more the 

initial solution has high probability close to an optimal value. But there is no guarantee that 

the more the size of population is large, the more the simulation model has a good result 

because the size of population, p=40, has a good solution than the size of population, p=80, at 

the Figure 4.  
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Figure 4. The experimental result for each population size 

 

 

Experimentation Of Crossover Operator  

The Figure 5 shows results of each crossover rate, 50%, 80%, 90%, and 100% for fixing other 

parameters. If a crossover rate is 50%(c=50) the model converges to value, 81, from 161 generation. 

In case a crossover rate is 80%(c=80) the model converges to value, 81, after 252 generation. The 

model converges to value, 81, when a crossover rate is 90%(c=90) and the model converges to value, 

77, when a crossover rate is 100%(c=100). From the experimental result we know that when a 

crossover rate is 50 % then the model most fast converges to value, 81. But if a crossover rate is 100%, 

the model converges to small value, 77. From this result, we conclude that when we transfer gene 

types of a parent to a descendant, if we change 100% of a chromosome the model can’t find an 

optimal solution because the procedure degrades the superior genes of parents. So, we know that we 

need the selection of an adequate crossover rate to obtain an optimal value.   
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Figure 5. The experimental result for each crossover rate 

 

Experimentation of Mutation Operator  

At the Figure 5, we can identify the experimental result of mutation rate, 0.5%, 0.7%, 0.9%, 

and 1.0% from the Figure 6 for fixing the population size for reproduction process to 40 and 

fixing the crossoveor rate for crossover process to 80%. In case a mutation rate is 

0.5%(m=0.5) the model converges to value, 81, after 251 generation and in case a mutation 

rate is 0.7%(m=0.7) the model converges t value, 81, only after 24 generation. And if a 

mutation rate is 0.9%(m=0.9) the model converges to 78 after 836 generation and the model 

converges to value, 81, after 58 generation in case a mutation rate is 1%(m=1.0). 

When we only change the mutation rate, the model converges to most large value, 81, only 

after 24 generation. But when a mutation rate is 0.9% the model converges to value, 78, after 
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836 generation. From the result we learn that the high mutation rate always can’t guarantee 

an optimal value. The reason of the result is that the model converges to the local optimal 

value because of the change of a mutation rate. 

 

Figure 6:. The experimental result for each mutation rate 

 

 

Experimentation of Selected Optimal Parameters  

When we change the population size, the crossover rate, and the mutation rate, the best 

combination of parameters is that the size of population is 200, the crossover rate is 50%, and 

the mutation rate is 0.7% from the experimentation. In this chapter, therefore, we experiment 

the best parameter combination and analyze it. 

From the Figure 7 we can identify the model converges to value, 81, only after 71 generation 

using the selected optimal parameters, p=200, c=50, and m=0.7. The experimentation shows 

good results than parameters, p=40, c=50, and m=0.5 of the Figure 5 and parameters, p=40, 
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c=80, and m=0.7 of the Figure 6. But, the two cases, optimal parameters, p=200, c=50, and 

m=0.7, and parameters, p=200, c=80, and m=0.5, of the Figure 4 are also converged to value, 

82. But the letter case more fast converges to the value after 8 generation. From the result 

analysis we know that the optimal parameter can’t always guarantee an optimal solution 

because the optimal parameters can affect each other during simulation process.  

 

 
Figure 7. The experimental result for optimal parameters 

 

 

CONCLUSIONS and FUTURE RESEARCH 

In this paper, we applied real-coded genetic algorithm to simulation optimization of a 

manufacturing system. To use real-coded genetic algorithm we should use operators that can 

express real numbers because the real-coded genetic algorithm uses different gene types 

comparing to binary-coded genetic algorithm which is popular method. Therefore we used 

reproduction operator as the remainder stochastic sample with replacement, crossover 
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operator as the simple crossover, and mutation operator as the dynamic mutation.      

In order to experiment real-coded genetic algorithm we made a simulation model of a 

manufacturing system using a simulation tool, ARENA. Also we programmed the real-coded 

genetic algorithm using VBA. When we test the reproduction operator we compared the each 

size of population, p=20, p=40, p=80, and p=200. When we test the crossover operator we 

compared the each crossover rate, c=50, c=80, c=90, and c=100. Also we compared the each 

mutation rate, m=0.5, m=0.7, m=0.9, m=1.0 when we test the mutation operator. Finally, we 

test the optimal parameter that is obtained by the experimentation and we compared the result 

of the selected optimal parameters. 

At the experimentation of the reproduction operator the model converged to the best value 

with short generation where the size of population is 200(p=200). At the experimentation of 

the crossover operator the model converged to the best value where the crossover rate is 

50%(c=0.5), 80%(c=0.8), and 90%(c=0.9). And the model converged to an best value where 

the crossover rate is 50%(c=0.5) with short generation. At the experimentation of the 

mutation operator the model converged to the best value where the mutation rate is 

0.5%(m=0.05), 0.7%(m=0.07), and 1%(m=0.1). And, the model converged to the optimal 

value when the mutation rate is 0.7%(m=0.07) with short generation. From the 

experimentation of the selected optimal parameter, we found that we should select the 

adequate parameter values because the model didn’t guarantee the optimal solution even if 
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we selected the large size of population, the large crossover rate, and the large mutation rate. 

For future research, we would evaluate the statistical results for many runs of the model. That 

is, we change the parameter values of the reproduction operator, the crossover operator, and 

the mutation operator for many simulation runs and evaluate results give either the statistical 

significance or the parameters affect each other. Also we can apply this simulation to the 

optimization of manufacturing fields in the global business world. 
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