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Abstract: The simulation of the business and manufacturing processes plays an essential 

role in modern scientific research and decision-making in management. However, this 

simulation, especially its output performance measures, can be very tricky because these 

simulations depend on the calculations of particular simulation software. The objective of 

this paper is to confront the average values of performance indicators of the manufacturing 

simulation model in three well-known manufacturing-focused simulation tools. Thus, we 

applied advanced inferential statistical technique after normality test and the homogeneity 

of variances to analyze the output data of the model in three different simulation tools. We 

performed statistical analysis on the data of the average waiting time in queue and the 

number of completed parts obtained from 1500 replications together. The simulation model 

of this study employs a single-machine workstation driven by M/G/1 queue with FIFO 

queue discipline. The findings from the partial and overall results are offered in the 

conclusion and discussion part of the paper. 
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1 Introduction 

In these turbulent times, in order to remain competitive enterprises have to 

continually improve the underlying business and manufacturing processes and 

exploit the latest technologies for better performance. Simulation represents a very 

effective tool in production planning and decision-making, especially in small and 

medium enterprises (SMEs). R. E. Shannon in [1] defines simulation as “the 

process of designing a model of a real system and conducting experiments with 

this model for the purpose of understanding the behavior of the system and/or 

evaluating various strategies for the operation of the system.” Accordingly, 

simulation can be employed either to predict the effect of changes to the 

performance of an existing system or to compare two or more scenarios of a new 

system under a variety of circumstances. Current manufacturing and business 

discrete-event simulation gives us better accuracy using highly evolved simulation 

software with user interface enabling 3D modeling and visualization. 
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Despite all that, simulation is still faced with a limited understanding of its 

capabilities as regards the practice perspective. There is also the lack of know-how 

in best applying simulation within the SME user communities, which causes 

hindrance in the adoption process of simulation. The diversity of simulation 

software and the unclear boundaries of simulation types also cause difficulty in 

the utilization of simulation. Murphy and Perra in [2] helped clarify the unclear 

boundaries of simulation types by determining the key simulation functions for 

each simulation type. Due to application overlaps they developed the simulation 

type functionality matrix. Hlupic et al. [3] offered criteria that can be of practical 

use in evaluating and selecting the correct simulation software. To select the 

appropriate simulation software, it is further necessary to know whether the output 

performance indicators give us the correct values. 

Our objective is to consider the output performance measures of three simulation 

tools. We used an advanced inferential statistical technique that is widely used to 

analyze the consistency of output data. 

The rest of the paper is organized as follows. In Section, “Manufacturing 

simulation,” we shortly describe each of the tested discrete-event simulation tools, 

namely ARENA, SIMUL8 and WITNESS. Section 3 presents the inferential 

statistical techniques. In Section 4, “Computational experiment,” we introduce the 

manufacturing simulation model with the use of M/G/1 queue and experiment 

condition. Subsequently, there are also presented the results of the simulation runs 

and the statistical analysis of output data. Finally, partial and overall findings from 

experiment are summarized and discussed, and possible future research ideas are 

presented. 

2 Manufacturing Simulation 

Manufacturing simulation is considered one of the main application areas of 

simulation technology. It is able to reliably determine the system behavior for a 

set of pre-defined conditions. Simulation software involves the design and 

modeling of a large variety of aspects of the production facility, including layout, 

equipment selection, control strategies, material handling, buffer sizing, 

dispatching strategies, etc. Depending on the objectives, a simulation model can 

become very complex and data intensive. However, on the other side, the 

simulation software is just an analytical tool; and to optimize or rationalize a wide 

range of manufacturing systems requires expert intervention. Output performance 

measures (i.e. work in process, flowtime, total production, throughput, downtime, 

and machine utilization) are used by experts to evaluate the behavior of the system 

and to identify potential areas for possible improvement. 
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It should also be noted that fundamental to simulations is the method by which 

random numbers are generated. This method is often called the random number 

generator [4-10]. 

We begin by describing each simulation tool in a way that illustrates the important 

background features for our study. For the simulation software, we decided on the 

basis of availability. We also applied Hlupic’s evaluation criteria to outline the 

main features of the simulation tools that we used in this study. In Table 1, we 

present the shortened version of evaluation framework for the simulation software 

products. 

2.1 Arena 

ARENA is built upon SIMAN, and in effect it is a high level graphical front end 

for SIMAN in which models are built by placing icons onto a drawing board and 

then linking these icons or blocks together to define the model logic [11]. ARENA 

provides 10 random number streams to select from, or one can accept the default 

stream. All of ARENA's distributions are based on a multiplicative congruential 

generator for uniformly distributed numbers between 0 and 1. 

2.2 Simul8 

SIMUL8 uses a modified multiplicative-congruential pseudo random number 

generator. There are 30,000 sets of random number streams available in SIMUL8. 

Since 2006, SIMUL8 supports replacement of its own generator with any coded in 

a dynamic link library (DLL) [12]. Programming in this simulation software 

product involves the five fundamental elements (work entry point, storage bin, 

work center, work complete and resource). 

2.3 Witness 

WITNESS is a discrete-event simulation package from Lanner Group that is 

mainly used to carry out the manufacturing simulation. It has an object-oriented 

modeling environment. The concept of WITNESS is based on the Queueing 

Theory. Programming itself involves the five most common elements (parts, 

machines, conveyors, buffers and labors). The random number generator of 

WITNESS uses 6 seeds (or streams) to generate random numbers. It also has the 

possibility to alter one or more of these seeds. WITNESS generates pseudo 

random numbers by using a combined multiple recursive generator. This method 

generates random numbers between 0.0 and 1.0. WITNESS then uses this number 

to sample from statistical distributions for activity timings, breakdown timings, 

setup intervals, PERCENT rules, etc. In order to calculate a different number each 

time, the pseudo random number generator uses the previous result to form the 

basis for calculating the next [13]. 
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3 Computational Experiment 

The experimental design and conditions are further detailed in terms of simulation 

model description, parameter settings, platform configuration, statistical analysis 

and results obtained. It is anticipated that despite the different random number 

generator, output performance measures from each simulation tool will be 

uniform. On the other hand, the simulation tool could compute average output 

performance indicators differently. 

3.1 Simulation Model 

In this section, we discuss the design of the simulation model, which is the same 

for all simulation software. A series of simulation experiments were carried out to 

study the diversity between simulation tools. The M/G/1 manufacturing queuing 

model is a terminating system that begins from an empty-and-idle state and ends 

after the simulation time passed. In other words, in the system there is no work in 

process when the next replication starts. We took each replication of the model to 

be exactly 20 minutes. We used 3 scenarios, where each scenario includes the 

same M/G/1 model in a different simulation tool. In Figure 1, the generic model 

and the three scenarios (Scenario 1 = Arena, Scenario 2 = Simul8, and Scenario 

3=Witness) are depicted. The three scenarios were investigated via extensive 

simulation runs. For better evaluation and comparison of all above scenarios, it is 

assumed throughout the simulations that initially the buffer is empty and machine 

process is not initiated before the start of the simulation. Another way to say it: 

arrival of the first part in the system is at time t = 0. 

 

Figure 1 
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For all three scenarios, we consider a shop with one machine and an unlimited 

buffer capacity for storing jobs, which arrive according to exponential 

distribution. 

The buffer works according to a First-In-First-Out (FIFO) system. Job processing 

times are drawn from a triangular distribution. The input and output parameters of 

the simulation model are discussed next. 

3.2 Parameters and Platforms 

All the test simulation software products were run on a PC equipped with a 1.7 

GHz Intel Celeron CPU and 1 GB of RAM. The simulation software products 

used to carry out the experiment were chosen based on availability: Witness 2008 

(Full version release 1.00a, manufacturing performance edition), Arena 10.0 CPR 

7 (student version) and Simul8 11.0 (student version). 

The input parameters are the inter-arrival time, the processing time, the 

terminating condition and the number of replications. The inter-arrival time has an 

exponential distribution with a mean μ=1/λ=5 minutes and the processing time has 

a triangular probability distribution with these parameters: min=1 minute, mode = 

3 minutes, and max=6 minutes. The key parameters are described in Table 1. 

Table 1 

Overview of simulation model configuration and experimental factors 

Factors  

Number of machines 1 

Inter-arrival time distribution Exponential 

Processing time distribution Triangular 

Queue discipline  FIFO 

Simulation length (T) 20 minutes 

Number of replication (N) 500 runs 

Buffer capacity infinite 

Experimental factors  

Mean inter-arrival rate (λ) 0.2 job per minute 

Processing time  1; 3; 6 minutes per job 

For ease in comparing the different scenarios and for a better performance 

evaluation of the system, each scenario was assessed using traditional output 

performance metrics, i.e. number of entered jobs, average waiting time in queue, 

average queue size, maximum queue size, average time in system, and total 

production. 
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3.3 Results 

In order to gain better insights, the results from 1500 simulation runs together are 

presented in Table 2, where there are three numbers in brackets. The first number 

stands for the mean number, the second number refers to standard deviation, and 

the third is half the width of 95% confidence interval. 

Table 2 

Summary of the simulation for three scenarios (Arena, Simul8, and Witness) 

 Performance measure Arena* Simul8* Witness* 

Number of entered jobs (4.97;2.00;0.17) (5.08;2.10;0.18) (5.62;2.00;0.21) 

Average waiting time in queue (1.28;1.42;0.12) (1.29;1.31;0.11) (2.06;2.22;0.19) 

Average queue size  (0.43;0.57;0.05) (0.46;0.62;0.05) (0.65;0.94;0.08) 

Maximum queue size (1.47;1.15;0.10) (1.73;1.08;0.09) (1.93;1.26;0.11) 

Average time in system (4.43;1.51;0.13) (5.56;1.45;0.13) (4.38;2.00;0.18) 

Total production (3.79;1.27;0.11) (3.61;1.25;0.11) (3.98;1.64;0.14) 

*(Mean; Standard deviation; Half width) 

Figure 2 introduces the replication series of the three simulation tools for better 

illustration of the sample size and sample values. In the figure we display both 

performance indicators total production and average waiting time in buffer. 
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Figure 2 

Overall views on simulation run in Arena, Simul8 and Witness 
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Due to the different random number generators used by the simulation tools, the 

output performance measures are slightly different. In order to determine if there 

is a significant difference among the performance measures obtained by these 

simulations, namely the average waiting time in queue and total production, a 

single-factor analysis of variance (ANOVA) was chosen. Like other parametric 

tests, the analysis of variance assumes that the data fit the normal distribution. To 

ensure this assumption, we did a normality test and also a test for homogeneity of 

variance. Table 3 presents results of the normality test from which we can 

conclude that three independent samples are non-normal distributed. 

Table 3 

Results of normality test using K-S and S-W tests 

 

Simulation tool 

Kolmogorov-Smirnov Shapiro-Wilk 

Statistic df p Statistic df p 

Average waiting time 

in queue (Minutes) 

Arena 0.184 500 <0.001 0.824 500 <0.001 

Simul8 0.162 500 <0.001 0.866 500 <0.001 

Witness 0.177 500 <0.001 0.827 500 <0.001 

In Figure 3 is depicted a histogram of non-normal distribution of 1500 simulation 

replications together with mean=1.54 minutes, s=1.735, and normal distributed 

curve. Figure 4 indicates the non-normal by graphically comparing observed 

values to expected normal values. 

 

Figure 3 

Data distribution (N=1500) 
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Figure 4 

Normality test (N=1500) 

We also conducted Levene’s test for homogeneity of variances (see Table 4). 

Results from tests showed us that the obtained data from the simulations is non-

normal, and the variances are different. Subsequently, we did a quick research and 

we found that the simulation studies, applying a variety of non-normal 

distributions, show that the false positive rate is not affected very much by this 

violation of the assumption, as in reference [14-16]. This is because a large 

number of random samples from a population is approximately normally 

distributed even when the population is not normal. However, we decided to 

perform a non-parametric Kruskal-Wallis test, which substitutes for the one-way 

ANOVA. This non-parametric test does not assume that the data fit the normal 

distribution. It does assume that the data obtained from three simulation tools have 

the same distribution as each other. 

Table 4 

Levene’s test for homogeneity of variances (α=0.05) 

Average waiting time in queue (Minutes) Levene Statistic df1 df2 p 

Based on Mean 56.536 2 1497 <0.001 

Based on Median 33.045 2 1497 <0.001 

Based on Median and with adjusted df 33.045 2 1128.582 <0.001 

Based on trimmed mean 46.539 2 1497 <0.001 

Here we want to test a hypothesis that the results from all three simulation tools 

are equal. We state our hypothesis as: 

H0:There is no difference between the three simulation tools (μArena=μSimul8= 

μWitness). 
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H1:At least one of the simulation tools gives different results due to generator 

number dissimilarity (not all μ’s are equal). 

The results are summarized and presented in Tables 5 and 6. At significance level 

α=0.05, the final results show that there is significant difference between these 

outputs with respect to the average waiting time in queue. This seems to indicate 

that our preliminary expectations were not correct. According to our results, we do 

reject the null hypothesis. Another way to state this is: The difference between the 

three scenarios is statistically significant in this case. 

Table 5 

Summary of ranked data in each condition with Kruskal-Wallis test (α=0.05) 

 Simulation tool N Mean Rank 

Average waiting time in queue (Minutes) Arena 500 693.14 

Simul8 500 715.81 

Witness 500 842.55 

Total 1500  

Test statistic Chi-Square  34.754 

 df  2 

 p-value  <0.001 

The Kruskal-Wallis test indicates a significant effect of a group so we rejected 

hypothesis H0 and we applied a post-hoc test to determine which of the simulation 

tools is different. The Mann-Whitney test with Bonferroni correction compared all 

groups to each other. We compared Arena versus Simul8, Arena versus Witness, 

and Simul8versus Witness to identify the significance of the Kruskal-Wallis 

nonparametric test (see Table 6). We can conclude there is difference between 

Arena and Witness, and Simul8 and Witness. 

Table 6 

Test statistics for the Mann-Whitney test with Bonferroni correction (α=0.0167) 

Contrast Average waiting time in queue (Minutes) 

Mann-Whitney U Wilcoxon W z p-value 

Arena vs. Simul8 120960.000 246210.000 -0.888 0.375 

Arena vs. Witness 100360.500 225610.500 -5.410 <0.001 

Simul8 vs. Witness 103614.000 228864.000 -4.694 <0.001 

Arena (Mdn=0.85) did not seem to differ in average waiting time in queue from 

Simul8 (Mdn=0.95), (U=120960, p=0.375, r=-0.03). The first comparison 

represents a very small effect because the effect size is close to zero. We can 

conclude that the effect on average waiting time in queue of Arena compared to 

Simul8 was negligible. On the other hand, Witness (Mdn=1.26) was significantly 

different from Arena (U=100360.5, p<0.001, r=-0.17) and Simul8 (U=103614, 
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p<0.001, r=-0.15). Because there was no significant difference between Arena and 

Simul8, we can assume that the random number generators of both simulation 

tools give the same random numbers. The small effect of Witness could lie in the 

equation (formula) for calculating the average performance indicators, which is 

different from Arena and Simul8. The average indicator in Witness counts all 

parts in the queue (or system) even when they are still in the queue (or in 

machine) at the end of the simulation. Arena and Simul8 determine the average 

waiting time indicators based on the parts that leave the queue (or system) at the 

end of the simulation run. Thus we can state that Witness determines the average 

performance indicator from an arrivals point of view, and Arena and Simul8 

determine their average performance indicators from a departures point of view. 

In this section, we investigated the congruence of the three different simulation 

software products based on their performance indicator, namely on the average 

waiting time in queue. We also identify the source of diversity between Witness 

and the other two simulation tools. 

Conclusions 

A simulation study was undertaken to investigate the effect of random number 

generators on performance indicators. The simulation study was applied to the 

M/G/1 manufacturing queuing model. The average waiting time in queue was 

used as the performance measure to explore the possible diversity between among 

the selected simulation tools. 

After several simulation runs, we used the Kruskal-Wallis test, which revealed a 

significant effect of a group on value (H(3)=34.75, p<0.0001). A post-hoc test 

using the Mann-Whitney test was used to follow up the findings. The Bonferroni 

correction was also applied, and therefore all effects are reported at a 0.0167 level 

of significance. It appeared that the average waiting time in queue for Arena 

compared to Simul8 was no different (U=120960, r=-0.03). However, when 

Witness’s performance indicator was compared to Arena and Simul8, average 

waiting times were significantly different with small effect size. 

The distinction between Arena and Witness, and Simul8 and Witness, lies in the 

addition of a formula that counts the average waiting time in the queue. Non-

significance between Arena and Simul8 is due to the fact that they use a similar 

random number generator. Our findings on the three simulation tools also indicate 

that although they use a slightly different random generator, their results should be 

directed towards the same output. The size of the gains is significantly influenced 

by the formula for average waiting time. 

Thus far, the analysis indicates that Witness has significantly different average 

waiting time than Arena and Simul8. This is due to the different equation 

formulae used in those simulation tools. The Witness simulation software includes 

in average waiting time also for parts (or entity) that remained in queue after 

terminating a simulation run (which seems to be more practical in manufacturing 
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planning and scheduling). Both Arena and Simul8 simulation software only count 

dispatched parts. This finding is also important from a practical perspective, 

because not knowing the behavior of performance indicators can lead to the wrong 

conclusion. This may occur by extending manufacturing lead time and increasing 

the cost of storing WIP, which was not considered in the beginning. This paper 

may be helpful for managers in selecting the appropriate simulation tool. 

We hope that use of a simulation as presented will offer useful preliminary results 

for studying the throughput of a manufacturing system under various experimental 

conditions. We also proposed to add new criterion into evaluation framework of 

simulation software. This criterion is concerned with the type of the formula for 

average performance indicators (measures). Future research could address an 

approach to more difficult models, including the mean time between failures 

(MTBF) and the mean time to repair (MTTR). 
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