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Abstract 

 

Simulation technology is the most popular and powerful tool for analyzing 

complex system such as automotive manufacturing system. However, sufficient  
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input data are not provided by the industry such as failure (or repair) distribution 

functions of machines. Thus, there is a gap between the result of simulation 

experiment and the output obtained from practice. This paper introduces how to 

adapt the concept of robust design to the determination of failure distributions in a 

simulation model which represents an assembly line in an automotive body shop. 

 

Keywords: Simulation, Failure distribution, Robustness, Assembly line, 

Automotive 

 

 

1 Introduction 
 

It is not easy to develop a simulation model for a real manufacturing system. 

To build a simulation model, configurations of the system should be investigated, 

and much information are gathered from the investigation such as layout, workers, 

machines, material handling systems, storages, process times, routings, 

machine-failures and so on. Some of these data are definite as the input data but 

some of them are not sufficient for the simulation model.  

In many company not installing MES (Manufacturing Execution System) it is 

very difficult to collect the data regarding the downtime and uptime (we call it as 

failure) distribution functions for each machine. All that they can provide are 

easy total number of failure and total repair time during a certain time period. It 

means that we can only estimate MTTF (Mean Time To Failure) and MTTR 

(Mean Time To Repair), but not their distribution function such as type of 

function, variance, third moment and so on. This situation is the main reason that 

there is a gap between the result of simulation experiment and the output 

obtained from practice. Furthermore, there are many kinds of failures in practice 

to be considered. 

Lau and Martin (1987) and Powel and Pyke (1994) reported that the 

throughput of the serial line is influenced by the first and second moments of 

processing time distribution and the effect of higher moments is moderate. Moon 

et al. (2012) analyzed the effects of failure distribution on the performance 

measures of three types of parallel line structures used in automotive engine 

factories by simulation experiments. They showed that it is difficult to say that 

the throughputs are same although two failure distributions have same first, 

second and third moments. 

In this paper, we will discuss how to make a simulation model which is not 

sensitive under the insufficient information of failure distributions using the 

concept of robustness. Robust design which was introduced by Taguchi in the 

1980s, is known to be effective for improving quality, manufacturability, and 

reliability of products and processes at a low cost (see Li et al. 2002). When the 

parameter changes or random disturbances exist in the system and the system 

can keep the satisfactory functional level, then we can say the system has the 

robustness feature. Thus, the objective of robust design is to determine the values 

of parameters easy-to-control (control factors) to achieve the best performance of  
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product (or process) that is also insensitive to the variability of hard-to-control 

parameters (noise factors). There are many methods to achieve the robustness of 

the design such as response surface method (RSM), Taguchi method, etc. In our 

paper we select Taguchi method to make the robustness system design. 

The basic concept of robustness has been expanded to layout design problem. 

Chen and Chen (1996) suggested a design procedure for a robust job shop 

manufacturing system under a constraint via applying the robust design method 

and Response Surface Methodology (RSM). They defined the objective function 

as to determine the number of machines in job shop which is insensitive in the 

uncertain manufacturing environment. Kuroda and Tomita (2005) presented the 

design problem in a cellular-line production system with unreliable facilities 

with robustness. In this paper, they considered the failures of machines as 

uncontrollable factors. Moslemipour at al. (2012) reviewed many researches 

dealing with the intelligent approaches for designing dynamic and robust layouts 

in flexible manufacturing systems (FMS). Sharda and Banerjee (2013) use multi 

genetic algorithms petri nets with uncertainty representation to make the 

robustness system design. Recently, Drira et al. (2013) proposed a resolution 

approach based on a fuzzy evolutionary algorithm when the information 

uncertainty such as uncertain customer demands for each product increased over 

time. 

When we develop a simulation model for a certain manufacturing system, we 

should define the layout concept based on the real production line. Then, various 

types of machines and material handling equipment should be considered. After 

construct the concept model we need to determine some parameters in the 

system such as the process time and failure distribution function of the machine. 

Unfortunately, the historical data from a company usually provides only the 

mean value of the failure (or repair) and the throughput of the production line. 

Thus, there is a severe difference between the result of throughput and the 

production quantity of real system. This problem is always disputable in 

validation phase in simulation modeling. 

In our research we assume that we only have the MTTF and MTTR for each 

types of machine, but not detail distribution function. The objective is to set the 

failure distribution functions with which the throughput of the simulation model 

would be closer to the real one. 

 

2 System Configurations 
 

The function of body shop in an automotive factory is to assemble various 

parts produced in press shop using welding processes. Generally, the body shop is 

divided into 15~20 sub-assembly lines (see Moon et al., 2006). Each sub-line 

represents a welding area covering numerous welding operations in different 

stations. Of course, one or more sub-lines can be outsourced in order to improve 

the performance of the factory. The decoupled sub-lines are connected with the 

power-and-free conveyor or with an electric monorail system (EMS). The 

function of the conveyor (or EMS) is the transportation of the sub-assembly to the  
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next sub-line and also the preparation of buffer space preparing for any 

unexpected breakdowns of the two consecutive sub-lines. Each sub-line is a fully 

automated serial line with no buffer between operations and all operations in 

sub-line are synchronized. It means that although the real cycle times (welding 

times) are different among operations, the transportations to the next operation in 

a sub-line are occurred at the same time, and thus, this type of line is called as a 

transfer line.  

The front sub-assembly lines in automotive body shop which assemble the 

basic structure of main body are focused in this paper. Figure 1 shows the layout 

of assembly lines adapting layered build method. In a layered build method, a 

‘Side Inner Left Hand Panel (Side_INR_LH)’ and a ‘Side Inner Right Hand Panel 

(Side_INR_RH)’ are welded in inner framing sub-line, and then a ‘Side Outer 

Left Hand Panel (Side_OTR_LH)’ and a ‘Side Outer Right Hand Panel (Side_ 

OTR_RH)’ are sequentially welded on the previous sub-assembly. 

 

  
 

(a) Concept of layered build       (b) Layout structure of layered build 

 

Fig. 1 Concept and layout of layered build method in automotive body shop 

 

The following assumptions are used for defining the system. 

‧ The total numbers of welding operations (workloads) are assumed to be 36. 

‧ Each sub-assembly line has six operations, and there is no buffer in each 

sub-line.  

‧ There are buffers (usually electric monorail system) between two 

sub-assembly lines, and the total amounts of buffers are assumed to be 60 and the 

locations of buffers are five. Thus, the numbers of buffers in each location are 12. 

‧ The cycle times of all welding operations are known and constant as one 

minute because a body shop is a highly automated manufacturing system. 

‧ There is only one type of time dependent failure for all operations.  

‧ There is no starvation for the first operations and there is no blocking in the 

final operations. 

 

Then, the detail layout model of Figure 1 can be described as shown in Figure 2. 

In Figure 2, we assume that the failure distributions of all machines in a sub-line 

are same, and the failure distributions of LH and RH lines are same because their 

operations are very similar. It means that there are four types of lines, e.g, type 1  
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consists with Side_INR_LH and Side_INR_RH, type 2 consists with 

Side_OTR_LH and Side_OTR_RH, type 3 consists with Inner_Framing and type 

4 is Outer_Framing line. 

 

 
 

Fig. 2 Layout model considered 

 

The MTTFs and MTTRs of all machines are known as 240 minutes and 

10minutes, respectively. Then the average percentage of down time for each 

machine is 4%, and the theoretical efficiency of each machine without considering 

the blockage and the starvation is 96% as in equation (1). 

 

96.0



MTTRMTTF

MTTF
e                    (1) 

 

3 Problem Statements 
 

There are many factors that influence on the throughput of manufacturing 

system such as machine failure, tool change and insignificant down time. 

However, it is difficult to reflect all factors in a simulation model because of the 

limited information of the factors. The purpose of this paper is to suggest a 

method how to determine failure distribution with which the throughput of 

simulation model can be close to the practical production quantity under the 

assumption that only the single mode of failure is applied to each machine.  

 

3.1 Define Control Factors 

 

In Figure 2, we assumed that there are four sub-line types, and the failure 

distributions of all machines in a sub-line are same. It enables us to define eight 

control factors such as four distribution functions of TTF and four distribution 

functions of TTR as shown in Table 1. 

 

Table 1. Definition of control factors 

 
Factors F1 F2 F3 F4 F5 F6 F7 F8 

Line Type 1 Type 2 Type 3 Type 4 

p.d.f TTF TTR TTF TTR TTF TTR TTF TTR 
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3.2 Define Levels of Control Factors 

 

For determine the levels of control factors, eight cases of failure distribution 

functions are selected under the condition that the mean (first moment) of MTTF 

and that of MTTR are 240 minutes and 10 minutes respectively (see Moon et al, 

2012).  

Let X be the random variable with the first three moments 

.3,2,1,)(  kmXE k

k The squared coefficient of variation of X is 1
2

1

22 
m

m
CV . 

We considered two kinds of distribution which are presented for matching the 

moments of nonnegative random variables such as hyper-exponential distribution 

of order 2 and Coxian distribution with Erlang node. The hyper-exponential 

distribution of order 2, denoted by  212 ,; pH or simply 2H , has the probability 

density function of the form of equation (2). 
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The parameters p, 1 and 2 can be determined by the first two moments 

1m and 12 CV  of X as follows, 
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The 2H  distribution can also be used for fitting the three moments of 

nonnegative random variables satisfying 12 CV   and  

1
5.1 2

2

21 
m

mm
H .                          (4) 

In this case, the distribution  212 ,; pH  with the pre-assigned moments 

3,2,1, kmk is uniquely determined by the parameters (Whitt, 1982).  
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Let  kE  denote the Erlang distribution of order k (ERLA) with the  
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parameter  . The first two moments of X with 1
4

41 2
2 


 kfor

k

k
CV

k
, can 

be fitted by the mixture of two Erlang distributions (denoted by M_ERLA 

or  ,,1 pE k ) with probability density function (Tijms, 1994) 
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However, the method in Tjims (1994) can be used only for fitting the first two 

moments. In order to fit the first three moments of a random variable, we used the 

mixture of two Erlang distributions (denoted by M_ERLA or  21,, pEk ) with 

probability density function  
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where the parameters 1,, pk , and 2 can be determined by Johnson and Taafe 

(1989). 

Eight cases of the distribution functions of MTTF were selected and the values 

of parameters were set as shown in Table 2. Table 2 also shows the values of the 

first moment, the second moment (transformed to CV2), and the third moment of 

each case. Similarly, eight cases of the distribution functions of MTTR were 

selected, and the values of the parameters and the moments were set, as shown in 

Table 3.  

In practice, it is difficult to know CV2, but we assume that the values of CV2 

=0.5, 1 and 2 with experience. Then the levels of each factor are set to Group 1 

(G1), Group 2 (G2) and Group 3 (G3) with CV2. In G1 and G3, we select two 

different distribution functions which have the same first three moments. 

 

Table 2.  Moments and parameters of TTF distributions 

 

 

TTF 

Dist 
Moments 

Parameters 
m1 CV2 m3 

Group1 
Case 1 EXPO 240 1 8.29440*107 μ =240 

Case 2 LOGN 240 1 1.00538*108 μ =240, σ =240 

Group2 
Case 3 WEIB1 240 0.5 4.01874*107 α=1.4355226, β=194.830404 

Case 4 M_ERLA 240 0.5 4.01874*107 p=0.80153, k=3, μ1=94.07467, μ2=23.16017 
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Table 2. (Continued): Moments and parameters of TTF distributions 

 

 
Case 5 ERLA 240 0.5 4.14703*107 k=2, μ=120 

Group3 

Case 6 WEIB2 240 2 2.26995*108 α =0.720905, β =194.830404 

Case 7 H_EXPO1 240 2 2.26995*108 p=0.658728, 1/ γ 1=117.8500, 1/ γ 2=475.7757 

Case 8 H_EXPO2 240 2 2.48818*108 p=0.788675, 1/γ1=152.1539, 1/ γ 2=567.8461 

 

 

Table 3.  Moments and parameters of TTR distributions 

  

TTR 

Dist 
Moments 

Parameters 
m1 CV2 m3 

Group1 
Case 1 EXPO 10 1 1.2960*109 μ =10 

Case 2 LOGN 10 1 1.7280*109 μ =10, σ =10 

Group2 

Case 3 WEIB1 10 0.5 6.2793*108 α =1.4355, β =11.01321 

Case 4 M_ERLA 10 0.5 6.2793*108 p=0.80153, k=3, μ 1=3.919798, μ 2=0.965098 

Case 5 ERLA 10 0.5 6.4800*108 k=2, μ =5 

Group3 

Case 6 WEIB2 10 2 16420.3216 α =0.720905, β =8.1179335 

Case 7 H_EXPO1 10 2 16420.3216 p=0.658728, 1/ γ 1=0.203649, 1/ γ 2=0.050444 

Case 8 H_EXPO2 10 2 18000 p=0.788675, 1/ γ 1=0.157735, 1/ γ 2=0.042265 

 

4 Numerical Examples 
 

The purpose of Taguchi method is make the designed product or system stable 

and volatility is small, make the production process is not sensitive to all kinds of 

noise factor. During the design of the production, use the functional relationship 

between the existing condition, limiting conditions and benefits to optimize the 

product design. Therefore, Taguchi method is a kind of experiment design which 

focus on minimizing process variation, make the product or process is not 

sensitive to environmental variation, it is a high-efficiency method to design an 

experiment with robustness and efficient under variable conditions. There are 

three kinds of features in Taguchi method: ‘lager is best’, ‘smaller is best’ and 

‘nominal is best’. In our experiment design we use ‘nominal is best’, because 

what we want is not just a normal result but a result with robustness. 

For the design of Taguchi experiments, the orthogonal array is very important 

and there are two orthogonal arrays, inner array and outer array. We assign 

control factors to the inner array and noise factors to the outer array. The inner 

arrays are utilized to design experiments. Based on these matrices, we can take 

into account the simultaneous effects of several processing parameters. 

 

4.1 Experiments for Phase 1 

    In our study, we assume that the target value of the manufacturing system is 

530,000 during the given period. We also define that there are eight factors and  
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three levels for each factor. Thus, the orthogonal array of L27 is used for the 

experiments of Phase 1 as in Table 4 (see Taguchi et al., 2005). The degree of 

freedom (DOF) of experiment phase1 is calculated by 8*(3-1)+1=17. After 

determining the control factors in inner array, the noise factor should be designed 

in outer array. 

 

 

Table 4. The inner array of experiments for Phase 1 

 No. 
Factor1 

(F1) 

Factor2 

(F2) 

Factor3 

(F3) 

Factor4 

(F4) 

Factor5 

(F5) 

Factor6 

(F6) 

Factor7 

(F7) 

Factor8 

(F8) 

1 G1 G1 G1 G1 G1 G1 G1 G1 

2 G1 G1 G1 G1 G2 G2 G2 G2 

3 G1 G1 G1 G1 G3 G3 G3 G3 

4 G1 G2 G2 G2 G1 G1 G1 G2 

5 G1 G2 G2 G2 G2 G2 G2 G3 

6 G1 G2 G2 G2 G3 G3 G3 G1 

7 G1 G3 G3 G3 G1 G1 G1 G3 

8 G1 G3 G3 G3 G2 G2 G2 G1 

9 G1 G3 G3 G3 G3 G3 G3 G2 

10 G2 G1 G2 G3 G1 G2 G3 G1 

11 G2 G1 G2 G3 G2 G3 G1 G2 

12 G2 G1 G2 G3 G3 G1 G2 G3 

13 G2 G2 G3 G1 G1 G2 G3 G2 

14 G2 G2 G3 G1 G2 G3 G1 G3 

15 G2 G2 G3 G1 G3 G1 G2 G1 

16 G2 G3 G1 G2 G1 G2 G3 G3 

17 G2 G3 G1 G2 G2 G3 G1 G1 

18 G2 G3 G1 G2 G3 G1 G2 G2 

19 G3 G1 G3 G2 G1 G3 G2 G1 

20 G3 G1 G3 G2 G2 G1 G3 G2 

21 G3 G1 G3 G2 G3 G2 G1 G3 

22 G3 G2 G1 G3 G1 G3 G2 G2 

23 G3 G2 G1 G3 G2 G1 G3 G3 

24 G3 G2 G1 G3 G3 G2 G1 G1 

25 G3 G3 G2 G1 G1 G3 G2 G3 

26 G3 G3 G2 G1 G2 G1 G3 G1 

27 G3 G3 G2 G1 G3 G2 G1 G2 

 

 

As shown in Tables 2 and 3, there are eight cases in three groups. Two 

possibilities are in Group 1, three possibilities are in Groups 2 and 3, respectively. 

Therefore, the number of full arrangement is 2*3*3=18, and these 18 

combinations are the noise factors in our experiments as listed in Table 5. 
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Table 5. The outer array of experiments for Phase 1 

No. 1 2 3 4 5 6 7 8 9 

Noise 

Factor 

C1.C3.

C6 

C1.C3.

C7 

C1.C3.

C8 

C1.C4.

C6 

C1.C4.

C7 

C1.C4.

C8 

C1.C5.

C6 

C1.C5.

C7 

C1.C5.

C8 

No. 10 11 12 13 14 15 16 17 18 

Noise 

Factor 

C2.C3.

C6 

C2.C3.

C7 

C2.C3.

C8 

C2.C4.

C6 

C2.C4.

C7 

C2.C4.

C8 

C2.C5.

C6 

C2.C5.

C7 

C2.C5.

C8 

 

 

With the throughput from the simulation model, we can get the response 

values under the effect of the noise factors as shown in Table 6. The total number 

of simulation runs is 18ⅹ27=486, Note that total number of exhaustive 

combinations for four lines, eight distributions for TTR and eight distributions for 

TTF is (8ⅹ8)4= 16,772,216.  

 

 

Table 6. Response values (throughput) of simulation experiments 

 
 

 

The Signal/Noise (S/N) ratio in Taguchi method is calculated by equations 

(10) as suggested in Wu and Chyu (2002) when nominal is best is selected and the 

results are listed in Table 7. 

 

   Niformy iii ,..,2,1log10
22

  ,                    (10) 

 

where i  is the S/N ratio of ith low, jiy , is the response value of low i and 

column j, 
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 , L is the number of data in a 

low,  and m is the target value.  
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Table 7. Signal-to-noise-ratios values of experiment Phase 1 

No. 

(i) 

Average 

value 

(
iy ) 

Standard 

Deviation 

( i ) 

S/N 

Ratio 

( i ) 

No. 

(i) 

Average 

value 

(
iy ) 

Standard 

Deviation 

( i ) 

S/N 

Ratio 

( i ) 

1 549,870.0 10,032.670 -86.9502 15 555,361.7 4705.850 -88.2306 

2 559,668.3 7,029.976 -89.6831 16 529,232.2 4921.744 -73.9468 

3 524,383.9 6,330.597 -78.5502 17 527,340.6 5947.678 -76.2785 

4 575,773.3 10,955.030 -93.4542 18 539,772.2 4503.836 -80.6364 

5 566,863.9 3,642.522 -91.3742 19 538,903.3 3397.025 -79.5813 

6 551,476.7 23,739.570 -90.1065 20 552,881.1 5316.636 -87.4179 

7 492,553.3 6513.144 -91.5977 21 540,374.4 4545.172 -81.0818 

8 506,066.7 5456.080 -87.8001 22 535,790.6 3401.212 -76.5416 

9 495,177.2 11184.69 -91.2637 23 518,595.0 4405.524 -81.7459 

10 530,616.1 4283.782 -72.7255 24 532,356.1 3766.009 -72.9522 

11 522,198.9 5277.042 -79.4795 25 504,260.0 5170.349 -88.384 

12 516,005.6 4676.670 -83.3789 26 522,265.0 4113.663 -78.8509 

13 563,257.2 4393.415 -90.5129 27 534,498.3 6289.779 -77.7667 

14 534,080.0 3147.251 -74.2409     

 

Let’s define as the set of i related to the level l of factor k in table 4. Then the 

effect of S/N ratio ( klT , ) for the level l of factor k is calculated by equation (11) 

and the results are listed in table 8. Note that klSN ,)(  is the number of elements 

in klS , , and the value is nine because the number of experiments is 27 and there 

are three levels. The effect of average value (
iy ) for the level l of factor k, is 

calculated similarly with the equation (11) and it is denoted by klM , . 

 

8..,,2,13,2,1
)(

1

,,

,  


kandlfor
SN

T
klSi

i

kl

kl         (11) 

 

 

Table 8. Taguchi robustness analysis of Phase 1 

Effects of iy ( Ml,k) 

 
F1 F2 F3 F4 F5 F6 F7 F8 

L1 (G1) 535759.3 537211.3 535223.2 538627.2 535584 535897.5 534338.3 534917.3 

L2 (G2) 535318.3 548172.7 535995.3 546957.5 534439.9 540325.9 535854.7 542113 

L3 (G3) 531102.7 516796.2 530961.7 516595.5 532156.2 525956.8 531987.2 525149.8 

Delta 4656.605 31376.54 5033.642 30362.04 3427.778 14369.14 3867.531 16963.21 

Effects of i  ( Tl,k) 

 
F1 F2 F3 F4 F5 F6 F7 F8 
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Table 8. (Continued): Taguchi robustness analysis of Phase 1 

 
L1 (G1) -88.9755 -82.0943 -79.6983 -82.9977 -83.7438 -85.807 -81.5335 -81.4973 

L2 (G2) -79.9366 -84.351 -83.9467 -83.7642 -82.9857 -81.9826 -85.0678 -85.1951 

L3 (G3) -80.4803 -82.9472 -85.7474 -81.9428 -82.663 -81.6029 -82.7911 -82.7 

Delta 9.0389 2.25679 6.04919 1.8214 1.08098 4.2041 3.5343 3.6978 

Rank 1 6 2 7 8 3 5 4 

 

As listed in table 8, all the factors with respect to klT ,  are ranked by delta (the 

range of three levels) with descending order. The highest rank of klT ,  means that 

the factor related to rank 1 is the most sensitive to the variation of levels, and we 

should set the level having the smallest klT , . Figure 3 compares the value of klT , , 

but some values are deleted when the value of klM , is smaller than the target 

value such as the level 3 (L3) of factor 2 (F2). Then, the levels with higher S/N 

ratio are chosen for the result of phase 1 as shown in table 9. 

 

 
Fig. 3 Comparison of the S/N ratio ( i ) for all factors and levels 

 

Table 9. The result of Phase 1 

Factor F1 F2 F3 F4 F5 F6 F7 F8 

Result G2 G1 G1 G1 G3 G2 G1 G1 

 

4.2 Experiments for Phase 2 

From the results of the experiments for phase 1 as shown in Table 9, we can 

design the experiments for phase 2. The DOF is (3-1)*3+(2-1)*5+1=12, with the 

same way in Phase 1. In Phase 2 we do not have the outer array since the levels of 

the factor are the distribution cases in the corresponding group. Thus, the 

orthogonal array of L36 is used for the experiments of Phase 2 as listed in Table 

10. 
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Table 10. The inner array of experiments for Phase 2 

 
 No. F2 F3 F4 F7 F8 F1 F5 F6 

1 C1 C1 C1 C1 C1 C3 C6 C3 

2 C1 C1 C1 C1 C1 C4 C7 C4 

3 C1 C1 C1 C1 C1 C5 C8 C5 

: : : : : : : : : 

36 C2 C2 C1 C1 C2 C5 C7 C5 

 

With the same processes in Phase 1 we obtain the results in Table 11. The best 

distribution functions of sub-lines are determined as shown in Table 12 and it is 

the most robust. 

 

 

Table 11. Taguchi robustness analysis of Phase 2 

 

Effects of 
iy ( Ml,k) 

 
F1 F2 F3 F4 F5 F6 F7 F8 

L1 552708.3 551582.2 551317.2 551415 551833.3 552875.8 552250.6 551847.2 

L2 552671.7 554218.9 554483.9 554386.1 553126.7 552357.5 553550.6 553953.9 

L3 553321.7 
   

553741.7 553468.3 
  

Delta 650 2636.667 3166.667 2971.111 1908.333 1110.833 1300 2106.667 

Effects of i  ( Tl,k) 

 
F1 F2 F3 F4 F5 F6 F7 F8 

L1 -87.0071 -86.5504 -86.4559 -86.489 -86.69 -87.0726 -86.7888 -86.6473 

L2 -87.0199 -87.671 -87.7655 -87.7324 -87.1843 -86.9065 -87.4327 -87.5741 

L3 -87.305 
   

-87.4579 -87.353 
  

Delta 0.297888 1.120574 1.309511 1.243405 0.767926 0.446563 0.643905 0.926842 

Rank 8 3 1 2 5 7 6 4 

 

 

Table 12. The result of Phase 2 

 
Factor F1 F2 F3 F4 F5 F6 F7 F8 

Line Type 2 Type 2 Type 3 Type 4 

p.d.f TTF TTR TTF TTR TTF TTR TTF TTR 

Result: 
C3 C1 C1 C1 C6 C4 C1 C1 

WEIB1 EXPO EXPO EXPO WEIB2 M_ERLA EXPO EXPO 

 

Finally, we solved many problems with changing the buffer size and target 

value, and the results are described in table 13. With the additional experiments 

we convince that the suggested method is good to find the robust simulation 

model. 
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Table 13. The Result of additional experiments 
Buffer Target F1 F2 F3 F4 F5 F6 F7 F8 

30 

390,000 C 6 C 7 C 6 C 7 C 6 C 7 C 7 C 7 

420,000 C 7 C 6 C 8 C 6 C 3 C 6 C 8 C 6 

435,000 C 3 C 1 C 1 C 1 C 6 C 4 C 1 C 1 

457,500 C 1 C 4 C 3 C 4 C 6 C 4 C 3 C 4 

480,000 C 2 C 5 C 4 C 5 C 1 C 3 C 5 C 5 

60 

480,000 C 8 C 6 C 8 C 6 C 7 C 8 C 8 C 6 

505,000 C 7 C 6 C 8 C 6 C 3 C 6 C 5 C 6 

530,000 C 3 C 1 C 1 C 1 C 6 C 4 C 1 C 1 

555,000 C 1 C 4 C 3 C 4 C 1 C 4 C 3 C 4 

580,000 C 1 C 4 C 3 C 4 C 1 C 4 C 4 C 4 

120 

570,000 C 8 C 6 C 8 C 6 C 6 C 6 C 8 C 6 

595,000 C 7 C 6 C 8 C 6 C 6 C 6 C 5 C 6 

620,000 C 3 C 1 C 1 C 1 C 3 C 1 C 1 C 1 

645,000 C 1 C 4 C 3 C 4 C 6 C 4 C 3 C 4 

670,000 C 2 C 4 C 5 C 4 C 1 C 4 C 4 C 4 

 

5 Conclusions 
 

When we develop a simulation model for a certain manufacturing system, 

many kinds of information are required, but the useful data are not enough in 

practice. There are many reasons of downtime which decrease the throughput of 

the system such as machine failure, tool change and so on. In case of machine 

failure, most factories can provide only the MTTF and MTTR, not detail 

distribution function. 

 

In this paper, we suggest an approach for the design of robust simulation 

model using Taguchi method. To explain our approach, an abstracted 

manufacturing system of automotive body shop is selected. We suggest how to 

assign distribution functions of TTF and TTR to each sub-lines. As the result of 

simulation experiments and approach suggested, the best distribution functions of 

sub-lines having the robustness are determined. 
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