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ABSTRACT 

Well designed experiments can dramatically improve the statistical accuracy of 

simulation output data and facilitate the statistical analysis. In practice, however, the 

design of experiments is the most neglected phase of a simulation study. What is needed 

are good, sound experimental design strategies that can be easily implemented by prac

titioners. In this dissertation, an experimental design strategy is proposed for finding 

robust system designs in discrete-event simulation, where robust system designs are sys

tem designs that are insensitive to uncontrollable system noise. A conceptual framework 

for automating the proposed experimental design strategy is constructed and a prototype 

system for testing the efficacy of the proposed strategy is developed. Concentration is 

on the domain area of manufacturing systems. 

The experimental design strategy proposed in this dissertation can be broken down 

into three phases. The first phase involves finding a range of feasible values for the system 

design variables. This is accomplished by augmenting the simulation program with an 

expert system. The second phase involves constructing experimental design plans. The 

experimental design plans suggested are plans that allow robust system designs to be 

found. The third phase, the optimization phase, involves searching for a best system 

design, where a best system design is a system design which optimizes the performance 

measures of interest and is not sensitive to uncontrollable system noise. The strategy 

proposed is evaluated with two models of a jobshop. 
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Chapter 1 

MOTIVATION AND PERSPECTIVE 

1.1 Modeling and Simulation 

Experimentation can promote an understanding of the interrelationships among various 

components in a system or provide insight into the behavior of a system under various 

scenarios. However, it is often too costly, if not impossible, to experiment with a real 

system. For example, it may be desired to improve an existing manufacturing operation 

so that production is increased. It would be costly, as well as disruptive to the system, 

to purchase and install new machining equipment without having an understanding in 

advance of how the manufacturing operation might be affected by this decision. Or, as 

is often the case, it may be desired to explore designs of systems which do not yet exist. 

The first step in studyirlg either a proposed or an existing system is to build a 

model of the system to serve as a surrogate for the actual system. According to Fishman 

[24], "A model can be a formal representation of theory or a formal account of empirical 

observation. Usually, however, it is a combinatiol1l of both." He continues by listing 

eight specific reasons for modeling. In Fishman's words, a model: 
I 
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1. enables an investigator to organize his theoretical beliefs and empirical observations 

about a system and deduce logical implications of this organization; 

2. leads to improved system understanding; 

3. brings into perspective the need for detail and relevance; 

4. expedites the speed with which an analysis can be accomplished; 

5. provides a framework for testing the desirability of system modifications; 

6. is easier to manipulate than the system is; 

7. permits control over more sources of variation than direct study of a system would 

allow; and 

8. is generally less costly. 

Models exist in many forms. There are physical models such as a model of a cock

pit, schematic models including maps and charts, symbolic models based on computer 

code, and both analytical and numerical mathematical models, to name a few. According 

to Box and Draper [8], "essentially all models are wrong, but sO,me are useful". The key 

to gaining insight into a system and its behavior is to choose an appropriate model for 

studying the system, (i.e., a model which will be useful wi.th regard to the characteristics 

of the system being modeled and the objectives of the study for whtch the model is 

created). 

Simulation modeling has proved to be an effective modeling scheme for a variety of 

systems which cannot be studied analytically. A simulation model exhibits characteristics 

which distinguish it as being static or dynamic, deterministic or stochastic, and discrete or 

continuous. Our focus will be on discrete-event simulation models which are stochastic 
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in nature, l.e., models of systems, which evolve over time, are composed of random 

variables, and display changes in state variables at a countable number of points in time. 

1.1.1 Phases of a Simulation Study 

A discrete-event simulation model should be viewed in the context of a simulation study. 

It must be noted that a simulation study is not merely an exercise in developing a 

complicated computer program. It is a complex endeavor which should involve an 

interdisciplinary team consisting of members from areas such as operations research and 

statistics, as well as experts in the domain area of the system being studied. The phases 

of the life cycle of a simulation study include modeling, model validation, coding, code 

verification, design of experiments, and analysis. These phases themselves can be broken 

down into component sub-phases, each of which contributes to the overall success of the 

simulation study and the quality of the recommendations made as a consequence of the 

simulation results. 

Figure 1.1 displays each of the phases in the life cycle of a simulation study as 

well as the component subphases. Research has been conducted to improve every phase 

of a simulation study and hence the meaningfulness of the experimental results. In 

the following sections, each of the phases depicted in Figure 1.1 will be discussed and 

references to pertinent research will be provided. 

1.1.2 Modeling Phase 

The issues that must be addressed in the modeling phase include those related to rep

resenting the actual or proposed physical system and those related to selecting input 

probability distributions. Modeling the physical system requires ingenuity and an under-
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standing of the dynamics of the system being modeled and is often thought of as more 

of an art than a science. The biggest problem facing a modeler at this stage is balancing 

the need for appropriate detail with the need for tractability. Research efforts employing 

artificial intelligence (AI) techniques are currently underway to develop automated mod

eling strategies to assist in simulation modeling. A discussion of this research can be 

found in [38,70,81,95,105,114]. 

The problem of selecting input probability distributions for the random components 

of the model (such as the distributions governing part or customer interarrival times and 

service times) has received a great d.eal of attention. A variety of approaches for selecting 

input probability distributions is suggested in the literature [50,51,58]. Two of the most 

commonly suggested approaches are (I) using statistical inference techniques to fit a 

theoretical distribution fonn to the data and then perfonning goodness of fit tests, and (2) 

using the data values themselves to define an empirical distribution and sampling from 

this empirical distribution during the execution of the simulation program. Methods for 

specifying input distributions in the absence of data have also been investigated [58]. 

Details of common approaches and the assumptions and limitations for specifying input 

probability distributions can be found in [50,58]. Discussions of model validation can be 

found in [28,58]. 

1.1.3 Coding Phase 

The increased use of computer simulation has been motivated by the proliferation of 

special-purpose simulation languages over the past several years. The process of coding 

a simulation model and verifying the code can be quite tedious and time consuming. 

Many of the recent developments in simulation language development make the process 

of coding faster and easier. Languages have been designed to accommodate a variety of 
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problem domains. For example, the language SIMAN [72] contains routines for facil

itating the coding of manufacturing problems. SLAM [76] was designed with network 

and queueing models in mind. More recently, object-oriented representation schemes are 

being employed in simulation languages [105,114]. A discussion of trends in simulation 

language development can be found in [54]. 

1.1.4 Design and Analysis of Experiments Phase 

A large body of literature exists on the design of experiments. The most comprehensive 

analysis of design of experiments teclmiques for simulation can be found in [50,51,53]. 

Kleijnen distinguishes between tactical and strategic statistical issues in designing simu

lation experiments. The tactical issues involve, for example, determination of the simu

lation run length, the number of replications to be performed, and the extent of the initial 

transient period for steady-state simulations. The strategic issues include the variants of 

the simulation model which will be run, i.e., the actual experimental data collection plans 

or combination of values for the input parameters that will drive the simulation model. 

Because the analysis procedure which is applied to the output data is constrained by the 

design of experiments strategy employed, analysis issues are directly related to design of 

experiments issues. 

1.1A.l Tactical Issues in the Design of Simulation Experiments 

There are no analytic results which provide robust procedures for determining the run 

length of a simulation or the number of replications to be performed. However, several 

rule of thwnb tactics which entail sequential procedures have been suggested. For ex

ample, if a confidence interval estimate on the mean of some performance measure is 
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desired, algorithms have been constIUcted in which the sample size is iteratively increased 

until a specified level of precision for the confidence interval has been achieved. Dis

cussions of some of the suggested procedures for run length and number of replications 

detennination can be found in [1,2.3,36,55]. 

A number of approaches for detecting and dampening the effect of initial bias have 

been investigated. Among the more common approaches are the following: 

1. replicated runs [1,110] 

2. batching (independent subruns of fixed length) [84] 

3. renewal approach (independent cycles) [53] 

4. grouping (reducing nonnonn.a1ity) [25], and 

5. jackknifing [19,32]. 

A more recent approach proposed by Schruben [88] called standardized time series based 

on the Wiener or Brownian motion process is believed to be a breakthrough for the 

analysis of non-terminating systems. A detailed discussion of these approaches with 

references can be found in [53]. 

-- 1.1 .... 2 Strategic Issues in the Design of Simulation Experiments 

The strategic issues in the design and analysis of simulation experiments are the focus 

of this research. Figure 1.2 displays a graphical metamodel, which is a com'mon sense 

abstraction depicting the modeling process. In this general view of the modeling process 

depicted ill Figure i .2, the messy details of reality are formalized in the simulation model. 
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Inputs are fed into the model. The inputs drive the simulation model during its executi~n 

and output is produced. The input to a simulation model corresponds to the factors of an 

experiment, i.e., the variables, parameters, and behavioral relationships of the simulation 

model. The levels of the factors are the values of each factor that are input during the 

execution of a particular simulation experiment. The variables, which we shall call the 

control/able or design variables, represent different aspects of the system which are under 

the experimenter's control. The design variables may be either quantitative or qualitative. 

For example, the number of service providers such as bank tellers, airport shuttle buses, 

or machines are examples of quantitative variables. A policy rule such as queue discipline 

(FIFO, LIFO, Priority) or a scheduling rule are examples of qualitative variables. The 

parameters, which we shall call the uncontrollable or noise variables, are the parameters 

associated with the input probability distributions governing the random components of 

the model. Two examples are mean interarrival times and mean service times. 

The controllable variables, such as the number of service providers in a service 

facility, are controllable both in reality and in the model. In a real system such as a 

bank, the number of tellers provided, for example, can be controlled by personnel or 

management. In the model of a bank, the variables associated with the number of tellers 

can be set to different prespecified values to reflect different scenarios of the bank. 

On the other hand, the uncontrollable variables such as mean interarrival times 

and mean processing times, for example, cannot be controlled in reality but can be 

controlled in the model. Within the context of the bank example, the time between 

customer arrivals and customer service times are random and cannot be preordained or 

controlled by management. In the model of the bank, however, values for distribution 

parameters are specified for each random component. Thus, in the model of the bank (or 

any system with probabilistic components), parameter values associated with events that 

are uncontrollable in reality can be controlled. What shall later be referred to as system 
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noise is the collection of uncontrollable variables that can affect the performance of a 

system. 

The behavioral relationships of the simulation model are usually captured in the 

computer code which descibes the system being simulated. Most discrete-event simula

tion languages allow the behavioral relationships of the system to be modeled as discrete 

events or processes. 

The output or response of a simulation model consists of values for performance 

measures of specified characteristics of the system. Some examples are average and 

maximum length of queues, average time in system, and average number of entitites 

processed over a specified period of time. Figure 1.3 displays a further refinement of the 

initial metamodel depicted in Figure 1.2. The inputs are decomposed into controllable 

(design) variables and uncontrollable (noise) variables. The simulation model produces 

output, also referred to as the response. 

The strategic issues which must be addressed when designing simulation experi

ments include the determination of the levels of each of the factors and the construction 

of an experimental design plan. During the design of experiments phase of a simula

tion study, the values of the controllable and uncontrollable variables that will be varied 

during the optimization stage need to be determined. In addition, an experimental de

sign plan needs to be constructed for ordering the combinations of these values from 

one experimental run to the next. Once the levels of the controllable and uncontrollable 

variables have been decided upon and an experimental design plan has been constructed, 

the simulation experiments are performed to find an optimal or best system design. 

In the terminology of response surface methodology (RSM), each combination of 

values for the input variables produces a point on the response surface. For example, 
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suppose there are two input variables, XI and X2, then the observed response, Y, can be 

written as a function of the two input variables X I and X2 as 

(1) 

where E is a random error component. If the expected response is denoted by T/, Le., 

E(Y) = T/, then the response surface is the surface represented by T/ = f(XI, X2). The graph 

in Figure 1.4 depicts contours of constant expected response which yield the response 

surface. Response surface methodology is a technique used in designing and analyzing 

simulation experiments when the input variables are all quantitative and continuous and 

the goal is to optimize the response. 

Since many simulation experiments involve both quantitative and qualitative vari

ables (also the quantitative variables are often discrete) and since the goal is often not 

to optimize but·to satisfice, RSM may not be directly applicable for all simulation ex

periments. However, it is useful to view the process of moving from one solution point 

to another until the best solution is determined within the context of RSM. Figure 1.5 

depicts a response surface for a first-order model and indicates a path of steepest ascent 

toward a local or global optimum for (1). 

This concept is useful in understanding the process involved in determining a best 

system design in a simulation experiment. In designing a simulation experiment, the 

modeler needs to determine (1) where to start, Le., the levels of each of the controllable 

variables which are contained in a region of the factor space in which system operating 

specifications are satisfied, and (2) how to proceed expeditiously toward the best solution, 

i.e., how to structure the process of moving toward the best solution efficiently and 

quickly. In RSM terminology this means moving in the direction of maximum increase 

(or decrease in the case of minimization) in the response. 
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In the following sections, a discussion of the traditional approach to designing and 

analyzing simulation experiments will be presented. The limitations of this approach 

will be outlined and an alternative approach for finding robust system designs will be 

offered. In the proposed approach for finding robust system designs, response surface 

methodology will be used to find an initial region in the factor space in which system 

operating specificiations are satisfied. The feasible region will subsequently be searched 

to find an optimal or best system design. 

l.2 The Problem 

In much of the literature on discrete-event simulation the importance of the use of design 

of experiments is greatly emphasized. Law and Kelton [58] say, "Carefully thought-out, 

or designed experiments are much more efficient than a hit-or-miss sequence of runs 

in which we simply try a number of alternative systems unsystematically to see what 

happens." However, it is also noted that in practical situations design of experiments is the 

most neglected phase of a simulation study. Fishman [24] states, "Design of experiments 

[is] a topic whose relevance to simulation work has long been acknowledged but rarely 

applied in practice." In practice, the design and analysis phases of a simulation study 

appear to pose the greatest problem to the simulation analyst. Kleijnen [53] supports 

this in a statement in his recent book, Statistical Tools for Simulation Practitioners. He 

says, "I learned that practitioners experience great difficulties when they apply statistical 

techniques to simulation problems. My consulting experience has been with practitioners 

both in industry and in academia. Even graduate students with a strong background in the 

mathematical aspects of statistical techniques find it difficult to translate that knowledge 

into practical statistical tools. Nevertheless, simulation analysts are aware of their need 

for statistical tools." 
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There is no question that well designed experiments dramatically improve the sta

tistical accuracy of the simulation output and facilitate the statistical analysis. What is 

needed are good, sound design strategies that can be easily implemented by practitioners. 

Thus, the questions that do arise are the following: 

1. What strategy or framework for the design and analysis of simulation experiments 

will produce quality results? 

2. How is the quality of the recommendations made as a result of a simulation study 

perceived? 

3. How can the design of experiments phase of a simulation study be both structured 

to encourage practitioners to focus on this much needed activity and automated to 

make this task easier? 

In this research we attempt to answer these rather broad questions. We attempt to 

answer the first question by investigating the effects of employing a design and analysis 

procedure that allows the user to find system designs which are robust over uncontrol

lable variability or noise in the system's environment. We believe our proposed design 

strategy improves upon the traditional approach to the design and analysis of simulation 

experiments. This belief is related to question two. Our proposed strategy presupposes 

that the quality of simulation results is judged primarily by the reliability of the results. 

As will be explained in detail in subsequent sections, the results produced by a simulation 

experiment employing our proposed strategy are based on the performi.U1ce of a system in 

the presence of uncontrollable system noise. The system design which is considered best 

is one whose performance is reliable in the presence of noise. That is, the best system 

design should be one whose performance measures are not very sensitive to changes in 

uncontrollable system parameters such as mean interarrival times and mean service times. 
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'This perspective differs from that of the traditional approach where the goal is generally 

to evaluate system performance under one specific set of values for the input parame

ters. We attempt to answer the third question by proposing a conceptual framework for 

automating the proposed procedure. An automated assistant or consultant can guide the 

simulation analyst through the steps of the design and analysis phases of the study. 

1.2.1 Motivation 

A great deal of commendable research has been conducted to improve the design and 

analysis of simulation experiments. Despite the significant achievements that have been 

made in an attempt to overcome tactical problems, such as determining initial transient 

periods, some of the strategic design and analysis issues need to be addressed. 'This 

research attempts to address the strategic problems in designing and analyzing simula

tion experiments. The strategic problems we have identified can. best be summarized 

by the following important questions an analyst must ask when designing a simulation 

experiment. 

1. Where to start? What levels of the controllable variables should be investigated? 

2. How to proceed? What is the plan or experimental layout for proceeding from one 

experiment run to the next? 

3. How should system noise be introduced into the experimental design, if at all? 

4. How is the analysis constrained or limited by the design strategy employed? 

The traditional approach to answering the design questions is, generally, un~tq.Ic

tured and the traditional approach to the analysis often limits the validity of the results 
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because of the restrictions imposed by the design strategy. (These observations will be 

discussed in greater detail in the sections that follow.) Our proposed strategy improves 

upon the traditional design strategy by both structuring the design phase and eliminating 

some of the limitations imposed on the analysis by the traditional approach. In the fol

lowing sections, the traditional approach and our proposed approach to the design and 

analysis of simulation experiments will be discussed. 

1.3 A Solution 

1.3.1 The Traditional Approach 

The traditional approach to the design and analysis of experiments which has been fol

lowed in simulation studies is reflected in Table 1.1 but first, the necessary notation will 

be defined. 

• Let Y represent a perfonnance measure of interest. 

(for example, average time in system) 

• Let yI represent a realization of this measure for a particular system design I, I = 

1,2, .,., AI. 

• Let fh represent the controllable variables, i = 1,2, .. " k. (for exa..'1lple, the number 

of resources and queue discipline) 

• Let Wi represent the noise variables, j = 1,2, "" l. (for example, mean interarrival 

times and mean processing times), and 

• Let Z I ({}) represent a performance statistic for each system design I, I = 1, 2, "., AI. 

(for example, the mean or variance of a performance measure such as time in 
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Table 1.1: Schematic Under Traditional Approach 
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Each of the system designs that drive the simulation model may have been generated 

using design of experiments techniques. For example, 81 through 81VI may represent 

l'vI runs as specified by a factorial design. However, more often than not, the runs are 

detennined in a trial and error fashion depending upon the output of a previous experiment 

run. This means that the analyst has no plan for how to proceed from one experiment 

to the next. Typically, a structured approach for finding a starting point is not followed. 

That is, the levels or settings for each of the controllable variables, 8i , i = 1,2, ... , k, are 

generally detennined by intuition, cost constraints, or simple guesswork. The modeler, 

generally, has no way of knowing whether or not the values initially selected for the 

controllable variables are close to the optimum values, or combination of levels of the 

controllable variables that produce the best system design. 

Most importantly, typically only one set of values is used for the noise variables, 

wh j = 1,2, ... , i, (the parameters associated with the input probability distributions) for 

each system design. This implies that mean interarrival times and service times, for 

example, are precisely known constants. The parameters associated with the probability 

distributions for each of the random components in the model are, in fact, unknown. 
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This is especially true for systems that are in the design or planning stage and are 

not yet observable. The estimates for the parameters used in the simulation model are 

random variables themselves. The uncertainty associated with not knowing how close 

the estimates of these parameters are to the true parameter valll.es introduces unwanted 

noise into the experiment. But, in the traditional approach, this noise is generally not 

taken into consideration. 

Kleijnen [53] notes, "The statistical design should ensure that the experiment con

tains as much infonnation as possible. The analysis should extract as much infonnation 

from the experiment as possible and, moreover, should reveal the limitations of conclu

sions based on experimental data." We believe that analyses based on the traditional 

approach outlined above, although valid, are limited by the experimental design. For 

example, suppose an analyst is interested in estimating the mean time in system for parts 

in a manufacturing system. Several system designs would be simulated and the average 

time in system, yI, for parts would be observed for each system design. For each system 

configuration that is simulated, one estimate of each of the input parameters would be 

specified. For example, one estimate of mean interarrival time and one estimate of mean 

processing time for each operation the parts must undergo may be specified. Depending 

upon the system design which produced the smallest mean time in system among the 

alternative system designs, a confidence interval estimate would be constructed on the 

mean time in system generated by the best system design. 

The results of the analysis of such a procedure may be valid but, because of the 

limitations imposed by a design in which 0nly one set of values is used for the noise 

variables (i.e., the parameter values of the input distributions), the results are valid only 

for the particular parameter values specified in the model. For example, the confidence 

interval estimate of mean time in system may be a reliable estimate as long as the input 

parameter values specified in the model truly reflect reality. If the true input parameter 
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values deviate from the values specified in the model, the results may not be very reliable. 

Consequently, the recommendations or conclusions from a simulation analysis of possible 

system designs could be greatly strengthened and made more robust if other values for the 

input noise variables were considered. Kleijnen [53] supports this observation by saying, 

"Although simulation is an extremely flexible teclmique used to study many practical 

problems, it has one major drawback: strictly speaking, its results are valid only for 

the sp~cific parameter values and mathematical relationships of the executed simulation 

program (or computer code)." 

Some of the shortcomings of the traditional approach can be summarized by the 

following: 

1. There is no structured method for determining a starting point for constructing a 

system design. The levels of the controllable variables are generally chosen by 

intuition or simple guesswork. The analyst may choose levels for the controllable 

variables which are remote from the optimum levels (the optimum levels of the 

controllable variables are the levels which, in combination, produce a best system 

design). 

2. If design of experiments techniques are not employed, the analyst proceeds in an 

inefficient manner, possibly moving in a direction away from the optimum or best 

solution. 

3. Results from a simulation experiment in which only one set of values is used for 

the noise variables are valid only for those particular values used. If sensitivity 

analysis is performed, the interaction effects of changing several input parameter 

values simultaneoulsy cannot be detected. And even if the interaction effects were 

determined, no insight is gained on finding a more robust solution. 
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1.3.2 A Non-Traditional Approach 

In this research, we structure the design and analysis phases of a simulation study in such 

a way as to answer the critical questions outlined below. 

1. Where to start? What levels of the controllable variables should be investigated? 

2. How to proceed? What is the plan or experimental layout for proceeding from one 

experimental run to the next? 

3. How should system noise be introduced into the experimental design, if at all? 

4. How is the analysis constrained or limited by the design strategy employed? 

The strategy that we propose involves three steps or phases. The first phase of 

our proposed strategy involves a reverse simulation technique and structures the task of 

determining the levels for each of the quantitative design variables. This phase attempts 

to address the question of where to start. The second phase involves a design strategy 

based on the methods of Taguchi. This phase addresses the questions concerned with 

constructing an experimental data collection plan and introducing system noise into the 

experimental design. Phase three, the analysis phase, attempts to address the question 

related to the limitations of the analysis. 

1.3.2.1 Phase One - Reverse Simulation Technique 

Before experiments can be defined, the levels to be used in the experiments for each 

of the controllable or design variables must be decided upon. Law and Kelton [58] 

say, "No general prescription can be given for how one should specify the levels. We 
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hope the analyst will have some intuitive feel for the model that will allow specification 

of reasonable values for the quantitative factors and realistic options for the qualitative 

factors". We have attempted to structure this process. 

To determine a starting point, we have developed a reverse simulation teclmique 

for selecting the levels for each of the controllable variables in the experiment. Using 

response surface methodology, this teclmique finds an initial region in the factor space 

in which system operating specifications such as desired queue lengths and resource 

utilizations are satisfied. The framework for this teclmique is the following. Data which 

are traditionally output data in a simulation (such as the average number in each queue or 

the utilizaton of rosources) will be input into the simulation. Values which are traditionally 

input values (such as the number of service providers) will become output values; thus, 

the term reverse simulation teclmique. 

For example, suppose the input controllable variables to a traditional simulation are 

the number of each type of service provider in the system and the output is the average 

and maximum number in each queue and the utilization of each service provider. In our 

reverse simulation teclmique, the simulation will be augmented with an expert system 

which uses constraint-directed reasoning. The input to the expert system includes both the 

objectives of the study (such as minimize queue lengths and maximize utilizations) and 

acceptable or desirable values for the objectives (such as the number in each queue should 

not exceed 10 and the resource utilizations should not exceed 70%). The expert system 

monitors the simulation program during its execution. Whenever a constraint involving 

queue size or utilization or both is not satisfied, the level of the service provider associated 

with that queue and that utilization value will be altered, i.e., it will be increased or 

decreased by one. 

The output of the reverse simulation will provide the average and maximum number 
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of each service provider (in general, each quantitative design variable) and the distribution 

of simulation time in which x, where x = 1,2, ... , Alma:z:, service providers were needed 

to satisfy the desired system operating specifications. In general, the reverse simulation 

technique will yield statistics (such as averages, minima, and ma.xima) and distributions of 

the levels for each quantitative controllable variable that were needed to satisfy specified 

system constraints. Hence, the reverse simulation technique will provide the levels of the 

controllable variables which satisfy system operating constraints. The reverse simulation 

technique will be discussed in detail in Chapter 3. 

1.3.2.2 Phase Two - Design of Experiments 

The second phase of our procedure employs a system design strategy based on Taguchi' s 

empirical methods for designing and improving product and process quality in manu

facturing (the details of Taguchi's method will be discussed in Chapter 2). This design 

approach will allow robust system designs to be found which are not sensitive to uncon

trollable noise or unknown constants such as mean interarrival times and mean service 

times. 

The structure of our procedure is the following. Instead of choosing system designs 

in a trial and error fashion, we will generate the specific system designs to be input using 

design of experiments techniques (the details will be discussed in Chapters 2 and 3). For 

example, a fractional factorial design may be selected as being appropriate for a particular 

system design situation. Each fractional factorial design is then run using not just one 

set of values for the noise variables, but many sets of possible values. Thus, the output 

data generated from each proposed system design specified by the fractional f;_\ctorial 

data collection plan reflects the sensitivity of each system design to the uncontrollable 

system noise, such as the mean interarrival times and mean service times. 
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By following such a procedure we will be following Kleijnen's advice. The system 

designs that will subsequently be recommended to m.magement will be based upon more 

varied infonnation th<m those recommended based upon the traditional method in which 

only one value is used for each of the noise variables. Furthennore. in our <malysis 

procedure, we will be able to extract more information th<m would be possible under the 

traditional approach. For example, we will be able to obtain infonnation not only on a 

perfonnance measure such as a me<m. but also on the variability of this measure over 

a selected subset of the uncontrollable noise space. In this sense, our design strategy 

should allow the <malyst to find robust system designs. 

Figure 1.6 depicts the modeling process under our proposed experimental design 

strategy. A[ system designs <md N sets of noise conditions will be constructed using 

<m appropriate experimental design technique. Each system design run will produce an 

output set. Thus. there will be i\[ output sets, one associated with each system design. 

1.3.2.3 Phase Three: Analysis of Simulation Experiments 

The design of experiments strategy we propose will enh<mce the <malysis possibilities. 

Several different types of analyses will be possible. For example. it will be possible 

to <malyze the output data in the context of the average system perfonn<mce over the 

set of noise conditions. It will also be possible to do a worst case <malysis. jf that 

appears appropriate. One of the adv<mtages of well designed experiments is that infonnal 

<malyses are often sufficient. Thus. if the assumptions required for a fonnal <malysis 

such as the assumptions of const<mt vari<mce or nonnality are violated, infonnal <malyses 

shouid be adequate for gaining insight into system perfonn<mce under various system 

configurations. The <malyses conducted in this research will be discussed in detail in 

Chapter 6. 



SYSTEM DESIGN 1 

SYSTEM DESIGN 2 

I 
I 
I 

SYSTEM DESIGN M 

NOISE 

CONDITION 1 

r 

NOISE 

CONDITION 2 

-

r 

- --

SIMULATION MODEL 

NOISE 

CONDITIONN 

-

OUTPUT SET 1 

OUTPUTSET2 

I 
I 
I 

OUTPUTSETM 

Figure 1.6: Modeling Process Under our Proposed Experimental Design Strategy 

52 

.... 

.. 

.. 



53 

1.4 Contributions of the Research 

The potential contributions of this research are of both practical and theoretical impor

tance. The use of computer simulation as a decision-aiding technology is widespread. 

Because of the complex nature of a simulation study, the timespan can be quite long. 

The team members of such studies often do not have the expertise to apply sophisticated 

statistical techniques in appropriate phases of the study and, in some instances, have little 

other than programming experience. A structured and somewhat automated approach to 

the design and analysis phase of a simulation study should be of value to the practitioner 

by both providing assistance in structuring this phase of the study and helping in the 

understanding of the questions to be asked and the issues to be addressed to improve the 

quality of the product produced by the study. (The product of a simulation study is often 

the recommendations made to management such as, for example, a system design.) A 

structured design of experiments approach will also provide a framework for the analysis 

phase. 

From a theoretical perspective, the research should provide insight into the benefits 

of applying aspects of Taguchi' s method for improving product quality in manufactur

ing to designing and analyzing simulation experiments. The research will also shed 

some light on how artificial intelligence techniques, in particular expert systems, can be 

used in conjunction with simulation to enhance the power and effectiveness of computer 

simulation as a decision-aiding tool. 

In general, the research is part of an emerging research effort being conducted 

within the fields of artificial intelligence and computer simulation to investigate how the 

two can complement one another. It is also timely in the sense that it addresses the 

challenge of adapting the Japanese approach for designing quality products to designing 
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and analyzing simulation experiments, thereby improving the quality of the product of a 

simulation study. 

1.5 Class of Problems to be Investigated 

'This research focuses on the domain area of manufacturing systems. The plethora of situ

ations within manufacturing environments which lend themselves to analysis by means of 

simulation as well as the urgency to improve manufacturing operations to compete glob

ally in this arena make problems of this nature prime candidates for investigation. Sim

ulation is being used extensively to model different aspects of manufacturing operations. 

In fact, many commercial simulation languages contain facilities designed specifically to 

model manufacturing systems. 

A common strategic decision problem in manufacturing is the detennination of 

the number of resources (or service providers) needed to maintain and/or "optimize" 

operations. For example, the number of people needed for a particular operation, the 

number of different types of machines, the number of material handling devices, the 

number of transporting devices such as automated guided vehicles (AGV's), or the length 

of conveyor belts are just a few of the common types of resources or service providers 

. used in a manufacturing operation. The problem of determining how many of each of 

these resources should be provided by a system is such an important and ubiquitous 

problem that it deserves investigation. Since similar strategic decisions must be made 

in many other domains containing service facilities where a finite nwnber of resources 

are provided, the method can be generalizable to similar models such as models of 

airports, banks, computer facilities, restaurants, hospital emergency facilities and fire 

fighting facilities. Hence, the class of problems we will investigate are queueing systems 

for which the goal is to determine the number of resources needed to "optimize" various 
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pertinent objectives. 

We will model a job shop (shown in Figure 1.7) which contains four workstations 

and a receiving/shipping station. The types of machines found at each of the four ma

chining stations are different, each machining station performing a separate machining 

operation. Each of the machines at a particular station, however, is identical. For the 

job shop we will model, two different part types are processed in the job shop. Both 

part types enter and leave the shop through a receiving/shipping station but each has 

a different sequencing for processing at the workstations. The individual parts will be 

transported from station to station by means of a transporter device. The capacity of 

the transporter is not limited to one. It is assumed that the transporter can accommodate 

more than one part at a time and will transport all parts that have the same destination 

station. 

The details of the various objectives and the handling of machine breakdowns will 

be discussed at length in Chapter 4. The design and analysis procedure we propose, 

however, will be illustrated on this generic job shop model which will be customized to 

capture various policy rules governing the operation of the job shop and reflect different 

system performance objectives for the evaluation of different job shop configurations. 

The goal of the simulation experiments will be to determine the best system Uob shop) 

design. A discussion of our approach to finding a best system design is found in Chapter 

3. 
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1.6 Assumptions 

For the results of a simulation experiment to have validity there are many assumptions 

that must be made regarding the different phases of the simulation life cycle. Since we 

will be concentrating on the design and analysis phases only we must assume that the 

analyst has taken certain measures to ensure the accuracy and reliability of results. We 

therefore assume the following: 

1. During the modeling phase, proper procedures were followed for data collection and 

the modeling of the random components in the model. In a probabilistic simulation 

experiment, values for random variables are sampled from probability distributions 

governing each of the random components. If the probability distributions used to 

sample interarrival times and processing times, for example, do not reflect the actual 

processes which occur ill the real system then the remainder of the modeling process 

may be futile since the results of the simulation will be meaningless. Hence, we 

will assume that an analyst using our design and analysis procedure will have taken 

the appropriate measures for ensuring accurate modeling of the input probability 

distributions governing the random components in the model. That is, we will 

assume the functional fonn of the distributions governing such random events as 

interarrival times and processing times has been determined. 

2. A pilot study has been conducted during which the model is validated and the 

computer program is verified. By model validation we mean that the model of the 

system of interest contains enough detail to capture the operation of the system 

in such a way that infrequent events occur a sufficient number of times for their 

impact to be observed and frequently occuring events are modeled to reflect their 

counterparts in the real system satisfactorily. By verification, we mean that the 
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actual computer code written to model the system operates as intended and is 

bug-free. 

3. The same pilot that was used for model validation and verification can also be used 

to determine the length of each simulation run and the number of replications of 

each simulation run that will be sufficient for obtaining a specified level of precision 

in estimating performance measures. It is assumed that this has been done prior to 

the actual experiment design. Also, if the simulation is a steady-state simulation. 

i.e., one for which the desired measure of performance is a characteristic of the 

steady-state distribution of some stochastic process }'j, 1'2, . '" then it is assumed that 

the analyst has used some technique, such as Welch's moving average technique 

[107], to determine the length of the initial transient period. The initial transient 

period or warm-up period is the amount of time after which the system appears 

to be in steady-state. Thus, the goal of determining the initial transient period is 

to determine a time index q such that En:) :::::: It for i > q. TIus information will 

subsequently be used during the statistical collection phase of the simulation runs. 

4. If the analyst was not certain about which factors should be investigated. then it is 

assumed some initial screening experiments have been performed to ensure that no 

important factors have been omitted. Many commercial simulation language pack

ages offer animation facilities which serve as useful tools for performing screening 

experiments. 

1.7 Terminology and Definitions 

Much of the terminology that is used in both the simulation literature and the design of 

experiments literature has different meanings to different people. Also, there are some 
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tenns and expressions that are used interchangeably. In order to avoid confusion about 

what is meant by several of the common tenns used in these two fields, we will define 

what is meant by particular tenns that are used throughout this document. 

The word simulation has many different meanings. Its use in this document refers 

to discrete-event computer simulation. Many different expressions may be used to denote 

the intentions of a simulation study. Two such words are goal and objective. The word 

goal will refer to the ultimate decision problem that is being investigated. For purposes 

of this research the goal will mean the detennination of the best system configuration, 

i.e., the settings of the controllable variables that collectively provide the most desirable 

system perfonnance. The objectives in a simulation study are often numerous but, in 

general, there is one primary objective and several secondary objectives. The tenn 

primary objective will refer to the measure which is to be "optimized". For example, 

the primary objective may be to maximize throughput or to minimize time in system. 

The secondary objectives, which may also be viewed as constraints, will involve, for 

example, the number of objects in specified queues, the utilization of resouces, etc. The 

tenn optimize will be used rather loosely, i.e., it will not be used in the strict sense that it 

is used in mathematical programming but shall be used to indicate a satisficing solution. 

That is, an optimal solution is a system design which produces system perfomtance 

that is judged to be good system perfonnance with respect to specified perfonnance 

characteristics. Simon [98] claims that practitioners, generally, are not interested in 

optimal solutions but are interested in acceptable or satisficing solutions. 

Within the context of design of experiments, the word factor is used to denote 

an input variahle or "independent variable" and the word response is used to denote the 

output. These words will be used but will be used interchangeably with more direct tenns. 

Since, with the Taguchi strategy for designing manufacturing products and processes, 

there are two types of input factors, we want to be able to distinguish between these groups 
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of input factors. Thus, the input factors that are the controllable factors will be referred to 

as design or controllable variables and the input factors that are the uncontrollable factors 

will be referred to as noise or uncontrollable variables. With respect to the experiments 

that will be conducted, then, the design variables or controllable variables will be the 

fixed number or amount of each resource and the queue discipline. For example, the 

controllable variables will be the number of machines and AGV's that will be used for -

each experiment. The noise variables or uncontrollable variables will be the parameter 

values for the random components in the model such as, for example, mean interarrival 

times and mern processing times. The terms performance measure and performance 

statistic will also be frequently used in relationship to the output. A peliormance measure 

will mean something that can be directly observed, such as daily throughput, and a 

performance statistic will mean a statistic that has been derived to describe some relevant 

aspect of a performance measure such as the average daily throughput or the variance of 

the daily throughput. 

1.8 Chapter Outline 

The thesis is divided into seven chapters. Chapter 2 provides a review of the literature on 

design of experiment techniques that are useful in simulation. It also describes in detail 

the Taguchi Method, emphasizing its strengths and its pitfalls, and discusses some of the 

current research efforts to integrate artificial intelligence (AI) techniques with simulation. 

Chapter 3 presents our research approach, describing the three phases of our design and 

analysis strategy, the conceptual framework for automating the procedure, and the proto

type system we have implemented. Chapter 4 describes two specific models developed 

to investigate the efficacy of our design and analysis strategy and the pilot experiments 

conducted for both models. Chapters 5 and 6 describe the environment and the results 
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of each of the three phases of our design and analysis strategy in detail for each of the 

two simulation models investigated. Chapter 5 describes the motivation, implementation, 

and output of Phase I - the reverse simulation technique, and demonstrates Phase II -

the Taguchi approach for designing simulation experiments, for both models. Chapter 6 

describes the results of Phase III - the optimization and analysis phase, for both models. 

Lastly, Chapter 7 discusses our conclusions, recommendations, and future research. 
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Chapter 2 

LITERATURE REVIE\V 

2.1 Design of Experiments 

Kleijnen [53] provides a comprehensive, state of the art analysis of design of experiments 

for simulation. He discusses the use of various experimental designs and the conditions 

under which the designs are appropriate. The experimental objective in most simulation 

studies is either (1) to determine the combination of factor levels at which the response 

variable is optimized or (2) to explain the relationship between the response variable 

and the controllable factors in the experiment. When all of the factors are quantitative, 

response surface methodology is frequently used if the objective of the study is to op

timize a performance mea')ure. Excellent discussions of these designs can be found in 

[11,14,45,63]. A number of designs exist for exploratory models. The most frequently 

suggested designs for simulation are full and fractional factorial designs. These designs 

pennit the analyst to investigate interaction effects as well as main effects. Discussions 

of factorial designs can be found in [9,10,11,14,45,63,77]. 
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2.2 The Taguchi Method 

2.2.1 Introduction 

Until recently, the methods for controlling quality did not involve building quality into a 

product or process itself. As a result, the quality characteristic associated with a product 

often exhibited a great deal of variation once the product was in its use envirorunent. 

The collection of variables which can affect a product's perlormance is called noise. 

Common examples of envirorunental noise are variations in temperature and humidity. 

Internal sources of noise include manufacturing imperlections and product deterioration. 

The methods for improving product and process quality proposed by Dr. Genichi Taguchi 

attempt to find product or process designs which are insensitive to both external (envi

rorunental) and internal (manufacturing) noise. 

Ishikawa [44] partitions the evolution of quality control efforts into three genera

tions: 1) inspection, 2) manufacturing process control, and 3) product and process design 

improvement (Figure 2.1). Inspection does not improve the built-in quality of a prod

uct and manufacturing process controls are costly. Product and process design methods 

build quality into the product and/or process making the product (process) insensitive to 

variability in both the manufacturing envirorunent and the product's use envirorunent. In 

addition, improved product and process designs reduce manufacturing and product life

time costs. Kackar [46] says, "Taguchi's work is a major contribution to this evolution". 

2.2.2 Parameter Design 

The Taguchi method is an ad hoc empirical method for statistically planned experiments 

for system design, parameter design, and tolerance design. Most of the literature on 
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this method focuses on parameter design. Parameter design is a teclmique for finding 

product and/or process designs which are insensitive to noise such as manufacturing and 

environmental variability. Leon, Shoemaker and Kackar [59] say, "Operationally, the 

objective of parameter design is to find the setting of the product's (or the process's) 

design parameters which minimizes expected loss due to noise". Following Pignatiello 

[73], loss is meant to reflect the "loss (cost) that is incurred to society when the product's 

ultimate consumer uses a product whose quality characteristic deviates from the target 

value. This is a departure from the traditional thinking that the ultimate goal is to 

maximize one's own profit". 

2.2.3 Expected Loss 

Expected loss can be thought of as the expected monetary loss a customer may experience 

by using a product whose performance characteristic deviates from its ideal level. The 

loss also reflects the manufacturer's loss in market share for producing unreliable products 

of low quality. This loss is generally difficult to quantify but can often be approximated 

by a quadratic loss function. For example, let Y be a value of the performance measure 

of interest and let 7 be the target value of Y. As Y deviates from 7 in the product's 

use environment, the product user experiences a loss. The actual form of the loss, 

denoted by l(Y) is unknow but can be approximated by a simple quadratic loss function: 

l(Y) = k(Y _7)2 where k is some proportionality constant. The ultimate goal of Taguchi's 

method is to identify the optimal settings for the design variables. where the optimal 

settings are those for which expected loss is minimized. \Ve will return to this notion 

later when we describe the statistics Taguchi uses to minimize expected loss. 
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2.2.4 Design Variables 

The ultimate goal of parameter design is to identify the settings of the product design 

characteristics that minimize expected loss. Design variables are those which can be 

controlled by the designer. for example, material mix and ingredient mix. The set of all 

possible combinations of values for the design variables is called the design space and is 

denoted bye. A subset of e is selected using statistical design of experiments methods. 

This sl'!)Set is called the design matrix (referred to as the inner array by Taguchi). A 

particular product design specification is defined by a vector of the settings of the design 

variables 8 = (8 1, (h, ... , fh) and the design matrix which is generated using design of 

experiment techniques is composed of M such product design specifications as depicted 

in the following chart: 

--81: 81 
1 81 8lc 

82: 82 
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8fT .. , 81vT 
k 

Each column of the design matrix represents a design variable and each entry in 

a column represents a setting level or value for the corresponding design variable. Each 

row of the matrix represents a product design. 

2.2.5 Noise Variables 

The sources of noise which can affect a product's perfonnance can be classified as either 

external or internal sources of noise. External sources of noise may stem from environ

mental variables such as temperature, humidity. or vibration or from human variability in 
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the operation of the product. Internal sources of noise may be manufacturing imperfec

tions and product deterioration. Let n represent the noise space. Since it is impossible 

to include all possible sources of variability contained in the noise space, the product 

designer must select a subset of noise variables from the noise space which are believed 

to be responsible for most of the perfonnance variation. Once the levels for the noise 

variables have been detennined, design of experiments techniques are used to construct 

the noise matrix, a subset of n. A particular noise condition specification is defined by 

a vector of the settings of the noise variables w = (W(,W2, ... ,WI) and the noise matrix 

which is constructed using design of experiments teclmiques is composed of N such 

noise conditions as depicted in the following chart: 
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Each of the N columns of the noise matrLx (referred to as the outer array by 

Taguchi) represents a different combination of the levels of the noise variables and each 

row represents the noise variables and their settings: 

2.2.6 Performance Measures 

A complete parameter design is an Al x N matrix, the AI rows representing AI design 

specifications and the N columns representing N noise conditions. Each of the 1M designs 

is run under each of the N noise conditions. A performance measure which reflects a 

quality characteristic of the product (process) is calculated for each design under each 
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nOise condition. Thus, for each design specification, the repeat observations on the 

performance measure include the effects of many possible levels of the noise variables 

on the performance measure. In order to determine a best design, i.e., a design which 

minimizes expected loss, a performance statistic must be constructed which reflects the 

variability introduced by the noise array as well as the effects of the controllable variables 

on the performance measure or quality characteristic of interest. The following section 

will discuss some of the performance statistics recommended by Taguchi. 

2.2.7 Performance Statistics 

Let Y denote the performance measure of interest for a particular experiment. Then Y is 

a function of both the design specification if and the noise conditions w, i.e., Y = l(if, w). 
A performance statistic, Z(8), must be selected which reflects both the effects of noise 

and the effects of the controllable variables on the performance measure Y. Table 2.1 

depicts a schematic of a complete experimental design plan. 

The Yij'S are realizations of a performance measure, ylJ, calculated for product 

(or process) design I under noise condition J. The performance statistic Z I (8) is a 

function of the Yi/S, i.e., ZI (8) = g(Yil) Yi2) ... ) YiN). Taguchi refers to performance 

statistics, Z(8),s, as signal to noise (SIN) ratios. He claims to have defined more than 

sixty different signal to noise ratios, although most of them are proprietary. The three 

most commonly discussed SIN ratios are those associated with the following three cases: 

(1) a specified target value for the performance measure (quality characteristic) is best, 

(2) the larger the value of the performance measure the better, and (3) the smaller the 

value of the performance measure the better. In all three cases, the SIN ratio is defined 

so that, according to Taguchi, the combination of design variables which maximizes the 

SIN ratio will always minimize expected loss. If being close to a specified target value 
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Table 2.1: Schematic of Experimental Design Plan 
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is considered best, Taguchi recommends using the following SIN ratio: 

where 

ZT(Oi) = IOloglQ(:ij2(0)/52(0» 

y(Oi) = (l/nw ) L:i:1 Yii j=1,2, ... ,m 

and 5 2(Oi) = (l/(nw - 1» L:Z,i (Yji - y(Oj)f 

If the larger Y the better, the SIN ratio recommended by Taguchi is: 

and if the smaller Y the better, then the SIN ratio recommended by Taguchi is: 

Pignatiello [73] has decomposed Taguchi's method into two aspects: the Taguchi 

strategy and the Taguchi tactics. The Taguchi strategy is the conceptual framework for 
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planning a product or process design experiment. The strategy requires the specification 

of a loss function, a noise space and a design space. The strategy also requires the use 

of design of experiments techniques for constructing a design matirx and a noise matrix. 

Taguchi has been congratulated by Box [6], Hunter [40], and Kackar [46] as well as 

others for his strategy. His tactics, however, have received considerable criticism among 

statisticians. 

The Taguchi tactics include techniques recommended by Taguchi for implementing 

his strategy. They include Taguchi designs, which are standand orthogonal array designs, 

and the use of signal to noise ratios as performance statistics for selecting the best 

combination of settings of the design variables. 

Hunter [40] discusses the danger of using many of Taguchi's designs, in particular, 

designs of the Graeco-Latin square variety. Leon, Shoemaker and Kackar [59] investi

gat~d the use of Taguchi's SIN ratios as performance statistics. They criticize Taguchi for 

not giving a connection between the two optimization problems of maximizing the SIN 

ratio and minimizing expected loss. They found that if certain models for the product 

or process response are assumed (for example~ a model with a multiplicative error term) 

then maximization of the SIN ratio does lead to minimization of average squared error 

loss. For other models, however, they have shown that ma"timization of the SIN ratio has 

nothing to do with minimizing expected loss. Researchers are investigating pelformance 

statistics other than Taguchi's SIN ratios for mirlimizing expected loss. Box [7] suggests 

investigating data transformations to achieve efficient and valid analyses. 

Leon, Shoemaker and Kackar [59] have developed performance measures which 

they call "performance measures independent of adjustment", or PerMIA's. These per

formance measures are recommended when the SIN ratio recommended by Taguchi is 

not independent of adjustment parameters. To understand this we must first look at a 
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two-step optimization procedure which Taguchi follows. The design variables are divided 

into two groups a = (0:,0:) where 0: represents design variables that affect the variance 

-of the perfonnance measure and possibly the mean also and Oa (referred to as adjustment 

parameters) represents design variables that affect the mean only. The optimization steps 

are: 

1. Find the setting 0: = O~ which maximizes the SIN ratio. 

2. Use 0: while 0: is fixed at O~ to adjust the mean onto target. 

The 0: variables are adjustment variables that can be optimized after the 0: variables have 

been fixed. But, the SIN ratios recommended by Taguchi are not always independent of 

adjustment variables. Le6n, Shoemaker and Kackar [59] have shown that if this is the 

case, their use can lead to a far from optimal solution. Thus, they recommend the use of 

PerMIA's which are more general than Taguchi's SIN ratios. Hunter [40] warns that SIN 

ratios recommended by Taguchi should simply not be used as perfonnance statistics. 

It is agreed that Taguchi's strategy is a sound one. Researchers must, however, 

investigate better and more reliable tactics with which to implement Taguchi' s strategy. 

Kackar [46] notes Taguchi "has given us an excellent starting point for further research 

in statistical methods for product design improvement as well as a stimulus for wider 

application of existing methods". One such application lies within the realm of discrete

event computer simulation. 

Discrete-event simulation experiments might benefit greatly from Taguchi's strat

egy. As is true of manufacturing experiments, simulation experiments contain both 

internal and external sources of noise. The internal source of noise is related to random 

number generation, in particular, the random number seed which is used. Much of the 
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research in simulation addresses this problem and several variance reduction techniques 

have been suggested [58,109]. 

External sources of noise represent uncontrollable parameters in the system being 

simulated such as mean interarrival and service times. Since these parameters are esti

mated, but are not known, there is no way of knowing how close the estimate is to the 

true parameter value associated with the underlying distribution. It may be beneficial 

in assessing the reliability of the performance of a particular system design to introduce 

system noise into the experimental design. 

Following Taguchi's strategy, each system design specification for a simulation 

experiment could be evaluated over a selected subset of the noise space which reflects, 

for example, possible values for the parameters of the input probability distributions. If 

data are collected to determine the input probability distributions, then the mean and the 

standard deviation of the distribution ofa noise variable (parameter of input distribution), 

Wi, can be estimated and used to construct a confidence interval on the noise variable Wi. 

The lower and upper endpoints of this confidence interval could be used as the levels 

of the noise variable, for example, if two-level designs are being constructed. Other 

methods for determining the levels of the noise variables to be used during the system 

design simulation experiments need to be explored if the confidence interval approach is 

not appropriate or not possible, such as instances in which no sample data exist. Also 

following Taguchi's strategy, alternative performance statistics can be developed. These 

performance statistics would be used to determine the controllable variable settings that 

both minimize the variance and maximize (or minimize) the mean of the performance 

measure over a selected subset of the noise space. 

The recommendations made to management as a result of a simulation study em

ploying Taguchi's strategy are the settings of the design variables which both optimize a 
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specified performance characteristic and are, at the same time, insensitive to uncertainty 

about the system. Viewing management as the "consumer", these recommendations can 

be viewed as the product produced by a simulation study. The quality characteristic of a 

simulation is the performance measure specified to evaluate the system performance. For 

example, time in system and throughput are performance measures commonly observed 

to evaluate the system performance of alternative system designs. We believe the appli

cation of Taguchi's strategy to the design of discrete-event simulation experiments will 

improve the product quality, i.e., the system design recommendations, of a simulation 

study. 

The remaining sections will include discussions of some of the current research 

that is investigating the coupling of artificial intelligence (AI) and simulation techniques. 

2.3 Simulation and Artificial Intelligence 

Much of the current literature on AI and simulation enthusiastically predicts that the major 

impact on simulation will be the creation of intelligent simulation environments which 

will "make the task of conducting simulation studies easier, faster, and more accurate" 

[38,70,,71,81,95,96]. In their tutorial presented at the 1987 American Association of 

Artificial Intelligence (AAAI) conference, \Villiam Clancey and Jeff Rothenberg were so 

bold as to state in a session entitled, "Things that will seem bizarre in 20 years" that 

Simulation and AI were once different fields. Some of the similarities between simulation 

and expert systems which have been noted are the following [21]: 

• the aim of both simulation and expert systems is to provide a computer-based 

model which aids decision making; 
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• both are based on a modular representation of a system with an inference mecha

nism that drives the representation; 

• a resemblance exists between the conditional event used in discrete event simulation 

and production rules used in expert systems; 

• the next-event mechanism in event-based languages is independent of the number of 

events. The inference mechanism in an expert system contains modules (production 

rilles, frames) which can be presented in any order and are entirely independent of 

other modules; 

• both simulation and expert systems can be represented in an object-oriented frame

work. 

The differences between the way simulation studies are currently undertaken and the 

way they are proposed to be undertaken in the future depends on the degree to which AI 

concepts and techniques are infused in the process. Shannon [96] says that, "simulation 

today is an iterative process in which we design the model, decide upon a scenario 

(inputs), run the experiment, analyze the results, decide upon another scenario, run the 

experiment, etc... An AI based 5th generation system would follow a very different 

paradigm in which the modeler declares the knowledge about the system (especially the 

description of the objects), defines the goals and lets the computer work to find the 

solution. In declaring the knowledge about the system, the modeler would be defining 

the class of all possible and/or acceptable models. It is the responsibility of the expert 

simulation system to find automatically the model which fulfills the desired specifications 

and to execute an appropriate search to obtain the desired solution". 

Shannon also describes the characteristic differences between conventional sim

ulations and 5th generation simulation systems. Conventional simulations exhibit the 
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following characteristics: 

• primarily numeric 

• algorithmic (solution steps explicit) 

• several steps of modeling process done separately or outside of the model (e.g., 

testing input data for goodness of fit, determining sample sizes, designing the 

experiments to be run, etc.) 

• model cannot do anything which is not preplanned (i.e., the user must instruct the 

program what to do). 

An AI based expert simulation system would exhibit the following characteristics: 

• have many symbolic processes 

• use pattern invoked search (solution steps not explicit) 

• command structure separate from knowledge domain 

• have all the expertise possible built into the model so that decisions by the user 

would be minimized 

• the model would be able to learn from its own experienc::e and modify itself as 

needed. (In general, AI systems cannot do this yet, although it is theoretically 

possible.) 

The two most ambitious research projects currently underway to develop intelligent 

simulation environments are: 1) Simulation Craft [83] - a simulation expert system un

der development at Carnegie Group, Inc. and 2) Simulation Environment System (SES) 
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[96] under development at Texas A&M University. Both of these research projects are 

designed to be application independent but are currently being applied to manufacturing 

problems. The intent of the research is to convert some of the off-line simulation ac

tivities, such as model development and design of experiments, into on-line, interactive 

activities. 

For example, model building in simulation is often tedious and time consuming 

if a model is built from scratch. Both Simulation Craft and Simulation Environment 

System use expert systems to aid a simulation analyst in the model building phases of 

a simulation study. The expert systems consist of knowledge bases and databases. The 

knowledge bases contain knowledge about typical model construction and rules related 

to system requirements. Through a dialogue with the user, the requirements analysis is 

achieved. Based on the interpreted system requirements, model components are retrieved 

from the databases (which contain model components) and a system model is constructed 

and presented to the user. The user may accept the suggested model or alter the model 

to reflect better the system requirements. Typical kriowledge and expertise of system 

designers for various types of systems is captured in the knowledge bases. Each model 

that is constructed is decomposable and the components of the model are then reusable 

in future models or extensions of existing models. 

In addition to the simulation model building expert systems developed in these 

research projects, expert systems are also being developed to aid the simulation analyst in 

designing and analyzing simulation experiments for a given simulation goal. An attempt 

is being made to integrate the various expert system components with the simulation 

model to create not merely a simulation language, but a simulation environment which 

exhibits intelligence about the simulation process. 
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Numerous other research efforts are underway to explore the coupling of artificial 

intelligence techniques with simulation tedmiques for specific activities in a simulation 

life cycle. That is, some research efforts concentrate on just one activity such as model 

building, rather than attempting to integrate all of the activities in a simulation life cycle. 

For example, Ziegler and Rozenblit [81,114] have developed a scheme for knowledge

based system design environments for simulation. Their scheme concentrates primarily 

on the model building phase of a simulation life cycle. Mellichamp and Park [62] have 

developed a statistical expert system for simulation analysis. The intent of their research 

was to develop an expert statistical consultant for the simulation analyst. Mellichamp and 

Park's expert system not only provides advice to the analyst but also perfonns appropriate 

computations for a variety of statistical issues including input data analysis, design of 

experiments, and output analysis. 

The interest in research on the coupling of artificial intelligence and simulation has 

grown so strong in the past several years that a yearly conference is held on intelligent 

simulation environments. The general thrust of the research conducted in this area is 

to enhance the usefulness of simulation as a tool for analysis. One apparent motivating 

factor behind much of the research aimed at coupling AI and simulation techniques is the 

recognition of the need for interactive intelligent simulation environments which integrate 

the various activities required during a simulation life cycle. If activities such as model 

development, design of experiments, and simulation output analysis are conducted "off

line", then it is presupposed that an expert in each of these areas exists to conduct each 

activity. In reality, this in not always the case. Thus, a more practical alternative is to 

make available an expert system or expert consultant which could serve as an advisor to 

the analyst when needed during the various stages of the simulation life cycle. 

In light of this observation, we have developed a conceptual framework for au

tomating the design and analysis phases of a simulation study. This framework reflects 
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the concepts behind the design of experiments strategy developed in this research. We 

have also developed a prototype simulation/expert system module for determining the 

levels of the controllable variables to be used when constructing experimental designs. 

We hope our research effort will illustrate an alternative way in which simulation and 

artificial intelligence techniques can complement each other and contribute to the overall 

effort to enhance simulation as an analysis tool. 
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Chapter 3 

RESEARCH APPROACH 

3.1 Introduction 

The most important strategic questions that must be answere~ when designing a simulation 

experiment are the following: 

1. Where to start? What levels of the controllable variables should be investigated? 

2. How to proceed? What is the plan or experimental layout for proceeding from one 

experiment to the next? 

3. How should system noise. be introduced into the experimental design, if at all? 

4. How is the analysis constrained or limited by the design strategy? 

This research revolves around these four questions. We attempt to answer these 

questions through a structured approach to designing and analyzing simulation experi

ments. The design of experiments phase of a simulation study involves two stages. The 

first stage requires selecting appropriate levels of the controllable and noise variables to 
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be used subsequently in the second stage. The second stage requires the selection and 

construction of appropriate experimental designs for both the controllable and the noise 

variables. In this chapter we describe our strategy for designing and analyzing simula

tion experiments, discuss the prototype we have developed for testing the efficacy of our 

approach, and outline the conceptual framework developed for automating the proposed 

strategy. 

3.2 Phase I: Reverse Simulation Technique 

3.2.1 Introduction 

The motivation for the reverse simulation teclmique can perhaps be best understood 

through a simple example. Consider a bank as a system of interest. Assuming there is an 

infinite supply of tellers available, the bank mamiger makes decisions to add additional 

tellers either when queues become long or when tellers have been overworked and need 

some relief. The manager also decides to remove tellers and engage them in other 

activities if business is slow. Essentially, the manager decides when to add or to remove 

tellers to provide customers with good service while, at the same time, to get work out 

of the tellers without overtaxing them. As an expert in bank operations, the manager is 

able to judge, for example, what the customers are willing to tolerate as far as time in 

queues and queue lengths are concerned. The manager is also able to deterime when the 

tellers need relief if they have been working continuously without a break. 

If the manager were interested in getting an idea of or a feel for how many tellers 

are needed, for example, on average or at peak times, to maintain smooth operations, 

the bank could be observed and data collected for a sufficiently long period of time. 

During this time period, if 1 to 1\1 tellers were needed at any given time, then a discrete 
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distribution could be derived for the amount of time in which x tellers were needed, 

where x ranges from 1 to AI. The manager could then use this information as a starting 

point to "try out" different numbers of tellers for extended periods of time to determine 

which number of tellers provided the "best" overall system performance. 

In reality, this procedure would be costly, tedious, and most likely impossible. A 

simulation model of the bank would provide a more manageable approach to investi

gating the bank's service performance when different numbers of tellers were available 

to provide service. The range over which the number of tellers is to be varied and the 

actual levels for the number of tellers to use in each run of the model would typic::Jly 

be determined by intuition, cost constraints, or simple guesswork. We propose a struc

tured procedure that would determine the range of values for the number of tellers that 

would satisfy service and teller utilization requirements. We call this procedure a reverse 

simulation technique. 

The reverse simulation technique we propose was developed to provide a struc

tured approach to determining a starting point for constructing experimental designs in 

simulation. The starting point is the determination of the levels of the controllable sys

tem design variables that will be varied from one simulation experiment run to the next. 

An expert system is employed in the reverse simulation technique. The expert system 

makes strategic decisions dynamically as the simulation executes just as a real expert is 

expected to do while managing operations in a real system. The actual system constraints 

and the bounds on the system constraints for a particular simulation model are specified 

by the simulation analyst whose expert judgement about desirable and/or acceptable sys

tem performance is transferred to the expert system. The expert system then monitors 

the simulation during its execution, making expert decisions about, for example, resource 

capacity. The decisions are based on the constraints captured in the expert system that 

have been elicited during a consultation session between the expert system and the sim-
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ulation analyst. Details of the reverse simulation, the expert system characteristics, and 

the expected output will be discussed in the following sections. 

3.2.2 Goal of the Reverse Simulation Technique 

The reverse simulation technique was developed to answer the question of where to start. 

The reverse simulation provides a starting point for designing simulation experiments. 

The goal of this technique is to determine the levels of the controllable variables to 

be used subsequently during the experimental design construction stage. The reverse 

simulation incorporates response surface methodology. It should be noted that with the 

reverse simulation, we are not interested in determining optimum operating conditions for 

the system. However, we are concerned with finding an initial region in the factor space 

in which operating specifications are satisfied. The levels for each of the controllable 

variables that fall within this region will be subsequently used when constructing the 

experimental designs. 

For any problem in which discrete-event simulation is used, the analyst must specify 

which variables to manipulate (controllable variables) and what output data are of interest. 

Output data are observed for each simulation experiment that is run. Each run uses 

different combinations of settings for the controllable variables. The "best" solution 

is generally the settings of the controllable variables which produce the most desirable 

output data. 

For example, suppose the design variables are the number of different types of 

machines in a jobshop and the output data consist of the number of parts in each machine 

queue and the utilization of each machine type. The analyst would run each simulation 

experiment specifying a combination of settings for the number of each machine and, 
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when the simulation ,is complete, observe the average number of parts in each queue 

along with the average utilization of each machine. 

Of course, the analyst does not know in advance what the output data will look like 

but does know what would be judged as good system performance. That is, the analyst 

does know in advance what would be acceptable or desirable values for the output data. 

This fact motivates the concepts behind the reverse simulation teclmique. If the analyst 

could specify as input the values desired for the system performance measures and then 

allow the design variables to be manipulated dynamically during the execution of the 

simulation, the simulation could produce as output, values for the design variables which 

satisfy the analyst's desired operating specifications. We stress that we are not trying to 

determine optimum values for the design variables at this point. Thus, concerns such 

as steady-state behavior are not of primary importance at this stage of the design of 

experiments phase of the simulation study. 

The reverse simulation technique attempts to structure the process of determining 

the levels for the design variables to be manipulated in subsequent experiments. That is, 

the output of the reverse simulation yields bounds on the levels of the controllable system 

design variables that should be subsequently studied in greater detail. This is accom

plished by converting the simulation objectives reflecting system operating specifications 

into constraints, accepting as input bounds on these constraints, and producing as out

put settings for the design variables which satisfy the constraints. The system operating . , 

requirements for the simulation model are captured in the expert system component of 

the reverse simulation teclmique. The expert system will be discussed in the following 

section. 
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3.2.3 Expert System Characteristics 

Typically, an expert system is composed of a knowledge base and an inference mech

anism. The knowledge base contains rules and facts pertinent to a particular domain 

area. The inference mechanism drives the search process for accessing knowledge and 

firing appropriate rules that ultimately lead to some decision. The concepts underlying 

the reverse simulation technique are implemented by augmenting the simulation pro

gram with an expert system. The expert system is a rule-based system which employs 

constraint-directed reasoning. 

The objectives of a simulation study impose constraints on the problem of finding 

a solution. Typical objectives for queu~ing systems are related to queue lengths and 

resource utilizations. Thus, the constraints imposed on finding a solution to such a 

problem would involve acceptable queue sizes or times spent in queue and acceptable 

resource utilizations. These system constraints are represented in the expert system as 

rules. An example of a rule in the expert system written in English is: if the number of 

customers in queue is greater than or equal to five, then add another resource (service 

provider) and remove the next customer in queue who will begin service with the newly 

added resource. The expert system monitors the simulation during its execution to ensure 

that all the specified system constraints are satisfied. 

Constraint satisfaction will require the altering of values for the controllable vari

ables. For example, if the controllable variables are the number of each type of machine 

in a jobshop then to satisfy a constraint or a set of constraints, a particular machine 

capacity may have to be altered, its capacity being either increased or decreased by one. 

The expert system is responsible for making recommendations regarding machine capac

ity to the simulation based on constraint satisfaction. In general, the recommendations 

made by the expert system to the simulation program are recommendations regarding the 
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altering of levels of each quantitative controllable variable. The following section will 

discuss the implementation of the expert system. 

3.2..1 Implementation Issues 

The following example illustrates the implementation of the reverse simulation teclmique. 

In queueing systems, operating specifications such a<; queue lengths, time in queue, and 

resource utilization are of interest. The objectives of many queueing simulation models 

are to minimize queue lengths, minimize times in queue and maximize utilizations. We 

will use these three objectives to illustrate the reverse simulation technique, assuming the 

design variables are the number of machines at each workstation in a jobshop. 

The initial consultation session between the simulation analyst and the expert sys

tem involves a series of questions which the expert system asks the user to detennine, 

essentially, system operating specifications. The questions revolve around detennining 

system objectives and desired operating conditions. 

Initially, the analyst will engage in a computer-directed, menu-driven dialogue in 

which the objectives of the simulation study will be detennined. That is, the user of 

the expert system will select from a menu those items which describe the objectives of 

the study. For example, suppose minimize queue lengths, minimize time in queue, and 

maximize machine utilization have been selected as objectives. These objectives will be 

converted into constraints whose bounds will be solicited from the analyst. 

A series of questions will be asked of the user to detennine the values that are 

acceptable and/or desirable for these objectives. Buffer space in front of each resource 

may be limited such that only a finite queue length can be accommodated. Or, it may 

be desired to maintain a limit on queue lengths to reduce time in system to satisfy due 
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dates. Thus, it may be requested, for example, that none of the queue lengths exceeds 10. 

There may be additional restrictions, however, that permit longer queues. For example, if 

machine utilization is "low", where "low" is explicitly defined, then it may be acceptable, 

for example, to have up to 15 parts in queue. Exceptions to particular constraints must be 

included to reflect the actual constraints on operating conditions desired by the analyst. 

The dialogue will continue until the user answers all the questions posed by the expert 

system pertaining to system operating specifications. The expert system will convert the 

system constraints specified by the analyst into rules which comprise the rule-base of the 

expert system. These rules will govern the levels of the controllable variables during the 

execution of the simulation. In this example, these levels refer to the number of each 

type of machine. 

Figure 3.1 depicts the relationship between the simulation model and the expert 

system. The simulation model captures the physical layout of the system and the logic 

associated with part flow. The expert system contains rules reflecting desired system 

performance. The rules are based on constraints governing operating specifications such 

as queue lengths, time spent in queue, and resource utilization. The levels of the con

trollable variables are not fixed but fluctuate according to the state of the system and the 

constraints imposed on the state of the system. 

The expert system will be invoked every time an operation involving one of the 

controllable variables is to be performed. For example, if the controllable variables are 

the number of machines at each machining station in a jobshop, then every time a part 

arrives to or leaves a machining station control will be diverted from the simulation to 

the expert system. The expert system will decide both the fate of the arriving (departing) 

part and th<= capacity of the machines at the machining station of the arriving (departing) 

part. The fate of the arriving part will be either (I) the part begins processing on an 

available machine, (2) the part is put in queue, or (3) the part begins processing on a 
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newly added machine. The capacity of the machines at the machining station of the 

arriving (departing) part can (1) remain the same, (2) be increased by one, or (3) be 

decreased by one every time the expert system is invoked. The following steps illustrate 

the implementation of the concepts behind the reverse simulation teclmique through a 

consultation between the simulation analyst and the expert system: 

1. Through a menu-driven dialogue, the system objectives will be determined. For 

example, the objective minimize number in queue one may be selected. 

2. The objectives will be converted into constraints. For example, the number in 

queue one should be less than or equal to x. 

3. The bounds on these constraints will be elicited. For example, x, the upper bound 

on the number in queue one, is set to lO. 

4. The relationships and dependencies among the constraints will be established. If 

there are exceptions to the constraints already established, these exceptions will be 

elicited. For example, the number in queue one should be less than or equal to 10 

if the utiliazation of the resource associated with queue one is greater than 60%, 

otherwise the number in queue one may be less than or equal to 20. 

5. The constraints will be converted into rules which will provide the rule-base for 

the expert system. An example of a rule in English is: If the number in queue one 

is less than ten and there are no available machines at station one, then place the 

arriving part in queue one. 

6. The expert system will monitor the simulation during its execution, satisfying sys

tem operating specifications through rule checking by altering the settings for the 

controllable variables when appropriate. 
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3.2.5 Sample Constraints and Rules 

Assume an initial consultation session between the expert system and the simulation 

analyst has transpired. During the initial session, the system objectives and the number 

and type of controllable variables, queues, and resources have been established. Based on 

these assumptions, the expert system would then elicit information about system operating 

specifications to develop constraints and generate rules. The following examples illustrate 

some of the possible constraints an analyst might input to the expert system and the 

corresponding rules (in English) the expert system would generate. We will asswne that 

a part is first put in queue upon arrival to a machining station and the expert system is 

then consulted to detennine whether or not the part stays in queue and whether or not a 

machine is added or removed. For the sake of clarity, assume there is only one machine 

station. 

• CONSTRAINT: The number in queue should not exceed 10 under any circum

stances. 

Rule: If the number in queue is greater than or equal to ten, then add one machine 

and remove one part from queue to begin processing on the newly added machine. 

• CONSTRAINT: The queue length may equal up to 20 parts in queue if machine 

utilization is less than 80%. 

Rule: If machine utilization is less than 80% and the number in queue is less than 

or equal to 20, then place the part in queue. 

• CONSTRAINT: No part is to remain in queue for more than 30 minutes. 

Rule: Schedule a timeout event for each part as it enters queue. 

When 30 minutes have elapsed, if the part is still in queue 

then remove the part from queue and add one machine to the correspunding station. 
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• CONSTRAINT: If a queue is empty, there should be no more than one idle machine 

at the corresponding station. 

Rule: If the number in queue equals zero, then decrease machine capacity to one. 

• CONSTRAINT: Regardless of queue size, no machine utilization should exceed 

90% 

Rule: If machine utilization is greater than or equal to 90%, then add one machine 

and begin processing the first part in queue if the queue is not empty. 

3.2.6 Output of the Reverse Simulation Technique 

The output of the reverse simulation teclmique will be both the average and the maximum 

number of each machine, for example, needed to satisfy system operating specifications. 

In general, the output will refer to the number of each quantitative controllable variable. 

In addition, a discrete distribution of the percentage of simulated time in which Al 

machines were needed (where !vI = 1,2, ... ,A1ma:l)) will also be provided. Table 3.1 depicts 

the output from the reverse simulation teclmique. 

Such a table will provide an indication of the levels of the controllable variables 

that satisfy the operating conditions specified in the expert system. Depending upon the 

type of experimental design to be used in the optimization phase of the study, the analyst 

may use the information in this table to determine the levels of the controllable variables 

to use during the optimization phase. For example, if a fractional factorial design with 

each controllable variable at two levels is considered appropriate for the optimization 

phase, then the two levels which satisfy operating conditions for the longest period of 

simulation time could be used as the levels to investigate during the optimization stage. 

If a fractional factorial design with center points is to be used as the experimental design 
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Table 3.1: Output of Reverse Simulation Technique 

Station 1 Station 2 '" Station N 

Average Num. of Machines Average Num. of Machines ... Average Num. of Machines 

Maximum Num. of Machines Maximum Num. of Machines ... Maximum Num. of Machines 

% of time 1 machine % of time 1 machine ... % of time 1 machine 

% of time 2 machines % of time 2 machines ... % of time 2 machines 

% of time 3 machines % of time 3 machines ... % of time 3 machines 

% of time 4 machines % of time 4 machines ... % of time 4 machines 

% of time max machines % of time max machines ... % of time max machines 

for the optimization phase, then the levels for the controllable variables should be chosen 

so that this consideration may be accommodated. 

3.2.7 Further Considerations for Implementing the Reverse Simulation Technique 

The reverse simulation approach structures the determination of the levels of the control

lable system design variables in such a way that it provides information on the design 

variable levels which satisfy operating conditions. It must be noted, however, that this 

approach is valid only for quantitative factors since it requires that variables be mea

surable on an interval or ratio scale. The average or maximum value of a qualitative 

variable such as queue discipline makes no sense. 

As with any experiment involving random output, several replicates of the experi

ment should be perfonned. To incorporate infonnation regarding the qualitative control

lable variables into the experiment, we recommend that the reverse simulation experiment 

be performed several times for each combination of the levels of the qualitative variables. 
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For example, if the qualitative variable queue discipline is one of the controllable vari

ables under investigation and the two levels being investigated are fifo (first in first out) 

and spt (shortest processing time), then we recommend that the reverse simulation ex

periment be perfonned nl2 times using fifo and 1112 times using spt, where 11 is the total 

number of replicates to be perfonned. The final output data will reflect averages over 

these n replicates. For example, suppose the percentage of simulated time in which one 

machine was needed at station one is to be reported following the execution of the reverse 

simulation. The percentage reported will be the average percentage calculated over six 

replicates, three replicates in which fifo was the queue discipline and three in which spt 

was the queue discipline. 

Also, if the system being modeled is a non-tenninating or steady-state system, 

then during the pilot study the anlayst should use an appropriate method for detennining 

the initial transient period, i.e., the time at which the system appears to display steady

state behavior. This is necessary if the initial conditions used in the model are not 

representative of the steady-state behavior of the system. For example, if the system 

begins empty and idle, the values of the perfonnance measures on interest calculated 

during the beginning of the simulation may not be representative of what is to be expected 

for these values once the system has "wanned up". The observations from this warm 

up period should be deleted during the reverse simulation experiment. For example, if 

it has been detennined that the warm lip period is one week of simulated time and the 

simulation is run for 10 weeks, then the output data will include infonnation on weeks 2 

though 10. 

The following steps are recommended for implementing the reverse simulation 

technique: 

1. If the system being simulated is a non-tenninating system, then during a pilot study 
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the time at which the system displays steady-state behavior should be determined 

using a standard teclmique for transient period identification. The observations 

taken during the transient or non-steady state period should be deleted. 

2. Since one replicate of the simulation produces only one independent data point for 

each performance measure of interest, n replicates of the reverse simulation each 

of length m should be run, where n and m are also determined during the pilot 

study. 

3. If qualitative design variables will be used in the final system design, each exper

iment should be run a specified number of times using each of the levels of the 

qualitative variables. 

4. The averages over n replicates of the reverse simulation should be calculated for 

each of the following: 

• Average level of each quantitative design variable needed to satisfy operating 

conditions 

• Maximum level of each quantitative design variable needed to satisfy operat

ing conditions 

• Percentage of simulated time in which l'vI of each quantitative controllable 

variable is needed to satisfy operating conditions (where /tvI = 1, 2, ... , 

/tvIma:z:). 

5. Based upon the experimental design chosen as being appropriate for the analysis, 

the levels for each of the quantitative controllable variables should be determined. 

The levels of the controllable variables indicated as satisfying operating specifica

tions in the reverse simualtion teclmique will be used in the next phase, the optimization 

phase. 
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3.3 Phase II: Designing Simulation Experiments 

3.3.1 Introduction 

Phase II addresses the questions pertaining to the selection of an experimental plan or 

experimental design and the handling of uncontrollable system noise. The choice of 

an experimental plan (which could mean choosing no experimental plan) is of unTIost 

importance in the experiemental process. The method of data analysis that is used is 

dependent upon the experimental plan employed. For example, if an analyst is interested 

in assessing the effects of varying a controllable variable from its high to its low setting, 

then an experimental design that allows this assessment to be made should be selected. If 

two-factor interaction effects are assumed important, then an experimental design should 

be selected that allows two-factor interaction effects to be estimated. Consequently, it 

is important to keep the experimental objectives in mind when selected an experimental 

design. If the experimental objectives are not considered when selecting an experimental 

design, the method of data collection could adversely affect the conclusions that can be 

drawn from the experimental process. 

We recommend using designed experiements as part of the optimization search in 

this phase. The particular experimental design chosen should be one that is appropriate 

for the assumed model and the analysis procedure to be followed. Response surface 

methodology (RSM) is a useful optimization technique for analyzing systems for which 

it is believed that several independent variables influence a dependent variable or response 

and the goal is to optimize the response. If response surface methodology is selected as 

an optimization procedure, it is assumed that the independent variables are continuous, 

quantitative, and controllable by the experimenter. 
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If optimization is the objective and response surface methodology is the optimiza

tion search strategy employed, a certain class of experimental designs are considered 

useful for fitting response surfaces most efficiently. Among the experimental designs in 

this class are full factorial designs and fractional factorial designs in which main effects 

are not aliased with each other. 

If the objective is not to optinlize some performance measure but to explore rela

tionships among the controllable variables .U1d the response. full factorial and fractional 

factorial designs are also recommended as data collecton plans for assessing these rela

tionships. If the number of controllable variables is small, then a full factorial design may 

be feasible. If the number of controllable variables is large, fractional factorial designs 

may be the most appropriate designs. In the experiments we will discuss in Chapter 6. 

fractional factorial designs were used. 

3.3.2 Concept of S~'stem ~oise 

One of the major differences between the traditional approach to designing simulation 

experiments .U1d our proposed approach is the mmmer in which uncontrollable system 

noise is introduced into the experimental design. By uncontrollable system noise we mean 

the collection of variables that affect system performance but are beyond the control of 

the experimenter. The uncontrollable noise in simulation experiments corresponds to 

the collection of parameter values associated with input probability distributions such as 

mean interarrival tinles and mean service times. In the traditional approach to designing 

and analyzing simulation experiments, estimates of the parameters associated with the 

input probability distributions are generally treated as known constants. 

In the traditional approach to designing simulation experinlents, estimators, such 
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as maximum likelihood estimators, are used to estimate the parameter values associated 

with each input probability distribution. For each system design that is tested one set of 
-

values is used for the parameters associated with the input pro ability distributions. Since 

the parameter values used in each simulation run are treated as known constants, the 

traditional design of simulation experiments approach does not allow robust solutions to 

be found. As was mentioned in Chapter 1, the conclusions drawn from a simulation study 

in which this traditional approach to designing and analyzing simulation experiments is 

used may be valid only for the particular values of the input parameters used in the 

experiment. 

It is suggested in the simulation literature to perform sensitivity analysis on the input 

parameters to determine if the output performance measures are sensitive to changes in 

the input parameter values. There are two potential problems with this type of approach. 

First, if it is found that the output data are sensitive to changes in input parameter 

values, it is suggested in the literature to find better estimates of the input parameters. 

This may be difficult or impossible. In addition, if new estimates are obtained, the output 

data may also be sensitive to changes in the new estimates. The second potential problem 

with this type of approach is that sensitivity analysis does not allow the effects of the 

interaction between various input parameters to be assessed. It may be that the output 

data are not affected by one-at-a-time changes in values of several noise parameters but 

are affected significantly by the interaction between changes (Le., the joint change) in two 

or more input parameter values. This interaction effect can only be assessed or accounted 

for if two or more input parameter values are changed simultaneously. 

Our proposed design approach includes simultaneous changing of input parameter 

values. Thus, the uncertainty (noise) associated with not knowing the effect of shifts in 

actual parameter values such as shifts in mean interarrival times and mean service times, 
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or the effect of not knowing the accuracy of the estimates of the input parameter values 

on the output data, is introduced into the experimental design itself. The desire to design 

for robustness provides the motivation underlying our design strategy which is based on 

the strategy of Taguchi for improving manufacturing product and process quality. Our 

strategy for designing simulation experiments is discussed in the following section. 

3.3.3 Data Collection Plan 

The first step in our data collection plan for designing simulation experiments is to identify 

both the design variables and the noise variables that will be investigated throughout the 

simulation experiment. The second step is to determine the levels of each of these 

variables that will be investigated throughout the optimization process. The reverse 

simulation technique can be used to determine the levels of the controllable variables to 

be varied initially in the optimization stage of experimentation. The levels to be tested 

for the noise variables can be determined in several ways. If possible, it is best to use a 

formal method based on data collection. 

If data have been collected on the system o~ interest, these data can be used 

to construct confidence intervals on the parameters associated with each of the input 

probability distributions. If a two-level experimental design is to be constructed, the 

endpoints of the confidence interval could serve as the two levels for the parameter. Since 

we can be approximately (l-a)% confident that the true parameter value lies between the 

two endpoints of the confidence interval, the choice of the endpoints for the two levels 

of the input parameter provides some confidence that the true input parameter value is 

not likely to be greater than the upp~r endpoint or less than the lower endpoint. If a 

three-level design is used, the endpoints and the center point could serve as the three 

levels for the paramter. 
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For example, if data can be collected on daily interarrival times for a large nwnber 

of days, these data can be used to fit a probability distribution. Suppose the interarrival 

times are exponentially distributed. The parameter associated with the exponential dis

tribution is its mean. A confidence interval estimate of the mean interarrival time can 

be constructed from the sample data. If a two-level design is to be used, then the two 

endpoints of the confidence interval estimate of mean interarrival time could represent 

the levels of the noise variable mean interarrival time. A similar procedure could be used 

for each of the parameters associated with the random components in the model. 

To illustrate the data collection plan suggested by our design strategy, a schematic 

depicting the experimental design plan will be presented. First. the data collection plan 

will be illustrated for one particular system design or combination of settings of the 

controllable variables. For the sake of clarity, assume output data were collected on 

one performance measure, Y. Also assume that a pilot study has been conducted to 

determine the length of the simulation, the number of replicates to be performed and the 

initial transient period. Details of how these are determined will be presented in Chapter 

4. 

The system design is run under each of N sets of noise conditions. For each 

noise condition, a realization of the performance measure V will be calculated for each 

replicate. The entries y lJ, J = l, 2, ... , N, in the schematic below represent, for example. 

the mean of the performance measure V calculated over the replicates for system design 

one for each of the N noise conditions. There are N sets of noise conditions and l noise 

variables. Thus. the superscripts on the noise variables represent the noise condition and 

the subscripts represent the noise variable. For example, W[ represents the setting of 

noise variable one under noise condition two. 

In general, there will be 1\{ system designs and k controllable system design vari-
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abIes. In this illustration there is only one system design. Thus, the superscript one 

represents system design one and the subscripts represent the controll~ble variable. For 

example, ol represents the setting of controllable variable three for system design one. 

Following an explanation of the notation used, a depiction of a schematic of the 

data collection plan for one system design is shown. 

Let Y represent the performance measure of interest. 

Let yIJ represent a realization of the performance measure Y for system design [, [ = 

1,2) ... , AI and noise condition J, J = 1,2, ... , N. 

Let Oi represent the controllable system design variables, i = 1,2, ... , k. 

Let Wj represent the uncontrollahle system noise variables, j = 1,2, ... , t, and 

Let Z(O) represent a performance statistic 

WI 
I Wi ... wi" 

wi ') wf W2 ... 

wl ., wN Wi ... I 
j 

From the schematic of this data collection plan it can be seen that for a specified 

system design (one combination of settings for the design variables), the performance 

measure, yIJ, is calculated several times, once for each combination of settings of the 

noise variables. If the system design is sensitive to system noise, the design strategy 

allows this to be reflected in the output. The performance statistic, Z(B), can thus be 

constructed to reflect the sensitivity of a particular system design to uncontrollable system 

noise. Z(B) is a function of Y, i.e., Z(O) = g(yll, y12, ... , yIN). In instances in which 

more that one performance statistic is needed to complete the desired output analysis, 

Z(B) may represent a vector of functions, such as means, variances, minimum values, 
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Table 3.2: Experimental Design Plan for System Designs 
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and maximum values. The actual form of Z(a), thus, depends upon the experimental 

objectives in mind. 

The complete data collection plan will include AI different system designs. The 

completet data collection plan is instrumental in the optimization search. The overall goal 

-is to find the combination of controllable variables a that optimizes Z. The combinations 

of {}I, {}2, ... , ale are selecting using an experimental design. Once the data have been 

collected, the simulation analyst may want to form a predictive model from which, 

analytically, the optimal vector f,. has been determined. Then, follow-up experiments are 

conducted at the optimal § to verify that the entire procedure has found a good system 

design. It may be necessary at this point to center a new design around f.. to fine tune 

the system. 

The resulting schematic for the complete initial experimental design will be an 

tv! x N matrix (Table 3.2), where there are Al combinations of settings for the controllable 

system design variables and N combinations of settings for the noise variables. 
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It should be apparent from the discussion of our proposed design strategy that we 

are designing for robust solutions, i.e., the experimental design plan allows robust system 

designs to be found. Kleijen [53] says, "It is ideal if the solution is robust; that is, the 

advice to the user is not sensitive to the precise specification of the model". 

3.3.4 Additional Considerations in Designing Simulation Experiments 

Many problem situations for which discrete-event simulation is used are multiobjective 

problems. Thus, there may be several performance measures, li, to be calculated for each 

system design under each noise condition. If this is the case, then ylJ in the schematic 

would be denoted by y{J, where the subscript i denotes the ith performance measure 

calcualted for system design I under noise condition J. 

Often, conflicting objectives necessitate a compromise solution. Multicriteria deci

sion making (MCDM) techniques may be available to judge a best compromise solution. 

In situations for which an appropriate MCDM technique is not available, the effect of 

each performance measure on system performance must be assessed individually and 

the decision makers must judge the best compromise solution. For example, two per

formance measures of interest in queueing systems are resource utilizations and queue 

lengths. In particular, in manufacturing systems it is often desired to maximize resource 

utilization and to minimize queue lengths. These objectives are often in conflict because 

resource utilizations are generally high when queues are long and, conversely, utilizations 

are generally low when queues are short. Hence, a dilemma arises. In a situation such 

as this, the only viable alternative may be to present the decision makers with separate 

recommendations from analyses conducted on the individual objectives. 
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3.4 Simulation Analysis 

3.4.1 Introduction 

The simulation output data analysis procedure employed depends upon the type of simula

tion and the performance measures of interest (means, variances, percentages, quantiles, 

etc.)~ Simulations are generally classified as being either terminating simulations or 

steady-state simulations. 

A terminating simulation is one "for which the desired measures of system per

formance are defined relative to the interval of simulated time [D,TE ] , where TE is the 

instant in the simulation when a specified event E occurs" [58]. For example, consider 

a bank: which opens its doors at 8 a.m. and closes them at 4 p.m. The stopping rule of 

a simulation of this bank: would be to service all customers who have entered the bank 

during its hours of operation. Thus, the terminating event, TE , would be that the last 

customer who entered the bank: before or at 4 p.m. has completed service and has left 

the facility. The performance measures of interest, such as average queue lengths and 

teller utilizations, would be calculated relative to the time interval [D,TE ], where TE (a 

random variable) is the time when the last customer finished service. 

A steady state simulation is one "for which the measures of performance are defined 

as limits as the length of the simulation goes to infinity" [58]. An example of a steady 

state simulation is a simualtion of a manufacturing system for which the desired measure 

of performance is average weekly throughput. The initial conditions selected for such 

a system are often that the system begins empty and idle. There is no event which 

terminates the simulation of such a system. The simulation is generally run for a long 

enough period of time such that the effects of the initial conditions have worn off and 
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the system has "wanned up". The time period during which the initial conditions are 

influencing system behavior is called the transient period. Typically, in most simulation 

studies, interest is on how the system behaves during normal or stable levels of activity, 

referred to as steady state conditions. The observations of interest in a steady state 

analysis are those that occur after the transient period has transpired. 

If a steady state simulation is appropriate, a variety of procedures exist for deter

mining the transient period and performing a steady state analysis. Mellichamp and Park 

[62] discuss some of the common methods used to detect when steady state behavior 

begins. Among the methods suggested are, for example, Gafarian's method [29], Con

way's method [15], and Fishman's first [23] and second [23] methods. Gafarian suggests 

truncating a series of measurements until the first observation of the series is neither the 

maximum nor the minimum of all preceding observations. Conway suggests truncating 

a series of measurements until the first observation of the series is neither the maximum 

nor the minimum of the remaining set. Fishman suggests in his first method that for 

an autocorrelated time series, calculate a time lag for which the data are significantly 

correlated arId delete this time period k from the beginning of each succeeding run. In 

his second method, Fishman suggests performing a run-test for x(t), t=1,2, .... n. Set d=n 

when the number of runs are equal to a pre-determined parameter k, the desired number 

of runs, where d is the steady state point. 

The simulation models investigated in this research are steady-state simulations. 

They will be discussed at length in Chapters 4, 5, and 6. We will employ Welch's 

graphical procedure [107] for determining the time at which the system appears to display 

steady-state behavior. Welch's technique will be described in detail in Chapter 4. We 

will also employ a replication-deletion approach proposed by Kelton [48]. In Kelton's 

procedure the observations of a specified performance measure from the transient period 

will be deleted from each replicate. 
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In the following sections we will discuss an optimization procedure that will allow 

robust system designs to be found. Several informal and formal analysis procedures will 

also be presented. 

3 .... 2 Discussion of the Optimization Process 

As was discussed previously, the conclusions drawn from a simulation analysis in which 

the input parameters are treated as known constants may be valid. However. the conclu

sions may be valid only for the particular input parameter values used in the simulation 

model. If, in reality, the input parameter values, such as mean intcrarrival time and mean 

service times, deviate from those used in the simulation model and the perfonnance mea

sures are sensitive to deviations in the input parameter values. the recommended system 

design that has been placed in operation may prove to be unreliable. The goal of our 

proposed design and analysis procedure has been to design for robustness. That is, by 

introducing the sources of system noise that are experienced in reality into the experi

mental design itself, we can look for system designs that perform well in the presence of 

this noise. If system designs can be found that are insensitive to changes in the values 

of the input parameters (uncontrollable noise), these designs should prove to be reliable 

in reality where they are expected to perform well in the presence of this noise. In this 

sense, our design strategy allows the simulation analyst to look for robust system designs. 

The optimization procedure we suggest attempts to identify which controllable 

variables affect the variance of a performance measure over the noise conditions selected 

for the experimental design. This procedure also attempts to identify which controllable 

variables affect the mean of a performance measure calculated over the noise conditions 

and which controllable variables affect neither the mean nor the variance of a performance 

measure calculated over the noise conditions. In the following section, we will discuss the 
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Table 3.3: Experimental Design Plan for System Designs 
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optimization procedures to find the settings of the controllable variables that minimize the 

variance and maximize (or minimize) the mean of the performance measure of interest. 

In this section we will suggest an optimization procedure for detecting which controllable 

variables affect the mean, variance, and/or neither the mean nor the variance of a specified 

performance measure. 

To illustrate what this three-step optimizaton procedure entails, the experimental 

design plan is presented and some notation is defined. Table 3.3 depicts the experimental 

design plan for Al system designs and N noise conditions: 

The following indices explain the subscripts and superscripts in Table 3.3. 

I is the index for the number of system designs, I = 1,2, ... , Al 

J is the index for the number of noise conditions, J = 1,2, ... , N 

1 is the index for the numper of observations per replicate, 1 = 1,2, ... , m 

j is the index for the number of replicates, j = 1,2, ... , n 

q is the time index associated with the initial transient period 
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Each simulation that is run for each system design will be replicated j times, where 

j = 1, 2, ... , n. For the sake of clarity, assume that there is one performance measure of 

interest, Y. Thus, each system design run under each noise condition will produce j 

realizations, yY, j = 1,2, ... , n, of the performance measure Y, where YY is the average 

of the performance measure Y calculated for each replicate with the first q observations 

from the transient period having been deleted. That is, yfJ = E~q+1 y/J I(rn - q), for 

each replicate j. The performance statistic for each system design is represented in Table 

3.3 as Zi(e), a vector valued function of the mean and the variance of Y calculated over 

the noise conditions. That is, Z(e) = (Y,52
), where Y = EJ=1 E1=1 YY I(n . N) and 

52 = EJ=1 Ej=I(YY - y)2/[(n . N) - 1]. 

For a performance measure Y and the vector of controllable variables, 0, the three

step optimization procedure suggested is possible if the controllable variables if can be 

partitioned as e:/e:/o:, where 0: is the vector of controllable variables which affect 52 

(and possible also the mean, Y), e: is the vector of controllable variables which affect 

Y only, and 0: is the vector of controllable variables that affect neither 52 nor Y. Thus, 

if e:, e:, and e: are non-empty sets, the following three-step optimization procedure can 

be implemented: 

1. Find the vector of controllable variables e: which minimizes 52 and fix them at 

the settings which minimize 52. 

2. Find the vector of controllable variables which maximizes (or minimizes, depending 

upon the objective) Y and adjust them to their target values. 

3. Find the vector of controllable variables which affect neither 52 nor Y and set 

them to their most economical settings. 

Thus, the optimal design, e-:', is the combination of setting of the controllable 



107 

variables which jointly minimizes S2 and maximizes (or minimizes) Y. In the next 

section the optimization procedures for finding these settings will be discussed. 

To illustrate this three-step optimization procedure, suppose the controllable vari

ables of interest are the number of machines required at six different work stations in 

a jobshop to minimize the time parts spend in the jobshop. The goal of the suggested 

optimization procedure would be to determine which machining stations (if any) affect 

the variance of the time a part spends in the system, which machining stations (if any) 

affect the mean time a part spends in the system, and which machining stations (if any) 

affect neither the mean nor the variance of the time a part spends in the system. If a 

partitioning of the controllable variables in this way can be accomplished, then a robust 

system design would be one for which the number of machines at the machining stations 

which affect the variance of the time a part spends in the jobshop is set at the levels 

which minimize the variance, the number of machines at the machining stations which 

affect the mean time a part spends in the system is set to minimize the mean time a part 

spends in the system, and the number of machines at the machining stations which affect 

neither the variance nor the mean of the time a part spends in the system are set at their 

most economical settings. 

Further, suppose after the optimization procedure has been implemented it is dis

covered that the number of machines required at stations 1 and 5 is very sensitive to 

changings in settings of the input parameters and, thus, affects the variability of the 

performance measure, time in system, adversely. Suppose it is also discovered that the 

number of machines at stations 2 and 3 affect the mean time a part spends in the sys

tem only and the number of machines at stations 4 and 6 affect neither the mean nor 

the variance of the time a part spends in the system. Then, analysis procedures which 

will be discussed in the next section will allow the analyst to find the settings for these 
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controllable variables that will jointly minimize the variance of the time a part spends in 

the system and minimize the mean time a part spends in the system. 

It should be noted that the partitioning suggested in this three-step optimization 

procedure may not be possible. That is. a:, a:, and/or a: may be empty sets. If this is the 

case. the optimization procedure may collapse into a two-step or one-step optimization 

procedure. If ao is the only non-empty set. implying none of the controllable variables is 

significant with respect to the performance measure of interest. then the analyst has not 

selected the appropriate controUable variables for the model. 

3 .... 3 Implementation of the Optimization Process 

The three-step optimizmion procedure discussed in Section 3.4.2 can be implemented 

in several ways. Both informal and formal analysis schemes exist to implement this 

optimization procedure. One of the advantages of well designed experiments is that 

informal analyses are often sufficient. Informal analyses are often easier to perform 

than formal analyses and can be quite convenient if the assumptions required to obtain 

valid results from a formal analysis are violated. The informal analyses we will discuss 

are normal probability plots i.U1d effects graphs. The formal analysis we will discuss 

is analysis of variance. In addition. if an analyst is interested in forming a predictive. 

regression model, this option is also viable under our proposed design i.U1d c.U1alysis of 

experiments procedure. 

3 .... 3.1 Normal Probablity Plots 

A simple informal procedure attributed to Dc.miel [63] for analyzing which effects are 

significant with respect to a specified response is to plot the effect estimates on normal 
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probability paper. The effects that are negligible will be normally distributed with a 

mean of zero and a variance of 0"2. These negligible effects will fall along a straight line 

on the plot centered around zero. Significant effects will be nonnally distributed with 

nonzero means and will not lie along the straight line. The significant effects are easy to 

distinguish on the plot because they appear as outliers, lying far from the straight line. 

The plot is constructed by first ordering the effect estimates from largest to smallest and 

calculating the probabilities associated with each of the ordered effects. The ordinate 

axis of the normal probability paper represents the probabilities which are calculated by 

(j-.5)/n, where j is the order of a particular effect and n is the total number of effects 

estimated. For example, if 15 effects are being estimated, then the effect estimates are 

ordered from 15 (largest effect estimate) to 1 (smallest effect estimate). The probability 

associated with the largest effect estimate (j=15) would be (15-.5)/15 = 0.9667. The same 

procedure is followed for the remaining 14 ordered effect estimates. 

The ordinate axis of the normal probability plot represents the probabilites and the 

abscissa axis represents the effect estimates. Each ordered effect estimate is plotted on 

the normal probability paper and those whose mean is centered around zero will fall 

along a straight line. Figure 3.2 depicts a normal probablity plot for which the factors 

A, B, D, and the AB interaction effect appear significant. 

The effect estimates can be calculated several ways. One convenient way of cal

culated the effects is to use Yates' algorithm [53]. 

3.4.3.2 Effect Graphs 

Effect graphs are another convenient informal way of assessing the effects of the con

trollable variables on a specified response. In addition, effect graphs depict the change 
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Figure 3.2: Sample Nonnal Probability Plot 
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in an averaged response when a controllable variable is altered from, for example, its 

high setting (+) to its low setting (-). Interaction effects can also be detected by using 

effect graphs. If the lines on the graph are non-parallel, this is an indication that the two 

factors under consideration have a significant interaction effect. If the lines are parallel, . 

then the interaction effect is not significant. 

Figure 3.3 depicts two effect graphs. The graph on the top of the figure shows the 

effect on a response Y of altering a factor A from its high setting (+) to its low setting 

( -). The graph on the bottom of the figure shows the interaction effect AB of factors A 

and B. The effect graphs, thus, not only indicate whether or not a factor is significant but 

also the setting at which the response is optimized. Thus, if the objective is to minimize 

the response Y and, for example, factor A is significant and minimizes Y when set at its 

low level, then factor A should be set at its low level to minimize Y. 

3.4.3.3 Analysis of Variance 

Conducting a formal analysis of variance is a useful way of verifying the conclusions of 

the informal analyses. Two potentitial problems may arrise, however, if an analysis of 

variance is performed. First, if an analysis of variance is performed on the response S2 

as defined in section 3.3.2, the assumption of normality may be violated. The sample 

variance, S2, is believed to have a non-normal distribution. This problem can be circum

vented by performing a transformation. A suggested transformation is In(S:!), since In(S:!) 

is believed to be approximately normally distributed. Second, the assumption of constant 

variance may also be violated. If this is the case, an analysis of variance may still be 

perfomed, however, the F-ratios for each of the factors will have to be viewed relative to 

one another rather than absolutely. That is, all of the F-ratios may be large and appear 

significant if viewed in absolute terms, but, the F-ratios for certain (significant) factors 

.. 
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may appear significantly larger than others. This phenomenon will be demonstrated in 

Chapter 6 and discussed in more detail there. 

3.4.3.4 Predictive Regression Model 

In order to summarize the simulation output's reaction to changes in the simulation input, 

it may desired to' form a predictive, regression model. If there are several responses Y, 

such as 8 2 and Y, it will be necessary to formulate more than one regresson model. Each 

model, however, represents the estimated change in the response Y per unit change in 

the independent (controllable) variables X (0). 

In much of the simulation literature it is recognized that most simulation studies aim 

at a general understanding and do not require strict optimization. Satisficing solutions are 

generally acceptable. However, if optimization is the goal, response surface methodology 

appears to be the optimization procedure of choice. Response surface methodology is 

a heuristic approach and does not guarantee a truly optimal solution. Intuition must be 

employed to decide upon the size of the "local" area of experimentation and also to 

decide upon the size of the steps along the path of steepest ascent (or descent). 

If response surface methodology is employed, then a first-order model of the form 

y = r30 + ;31Xl + r32 x2 + ... + t3k x k is fitted in a subdomain of the full experimental area. 

The x's represent the controllable variables and y represents the response, which would 

be 8 2 if the goal was to minimize the variance of some performance measure Y. This 

first-order model is used to find the direction of improvement. Experimentation continues 

along paths of steepest ascent (descent) until it looks as if an optimum is reached. If the 

first-order model does not fit well within the apparent optimum region, then a second

order model is fit. If the second-order model provides a good fit, then the optimal values 
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of x, say x·, can be estimated by taking the derivatives of the second-order regression 

model with respect to x and setting the equation of derivatives equal to zero. Confirmation 

simulation runs with i at x-" and other input combinations both close to and far from x-' 

can be explored to verify that x-' is indeed an optimum. 

3.4.4 Summary 

There are several optimizaton procedures and analysis techniques available for simula

tion experiments. The partiular procedure selected should be one that conforms to the 

objectives of the study. In this research we are attempting to find robust system designs. 

We have proposed a three-step optimization procedure for determining which control

lable variables affect the mean and the variance of a specified performance measure. 

This optimization procedure can be implemented using different approaches. Informal 

analyses such as normal probability plots and effect graphs can be used to determine the 

settings of the controllable variables that minimize the variance and optimize the mean 

of a performance measure. A fonnal analysis of variance can also be conducted to con

firm the conclusions of the informal analyses. Response surface methodology is another 

viable alternative for implementing our proposed optimization procedure. Response sur

face methodology is un iterative method, in which a local regression model is fit at each 

iteration. Initially a first-order regression model is fit and then a second-order regression 

model is fit to estimate the optimal solution once the optimal region has been estimated. 

Regardless of which optimization procedure is implemented, confirming simulation 

runs with the controllable variables set at their estimated optimal levels are !Un to verify 

that a best system design has been found. Within the context of our proposed design 

strategy, a best system design is a robust system design, i.e., a system design that performs 

reliably well in the presence of uncontrollable system noise. 



115 

In the remainder of this chapter we will discuss a conceptual framework for au

tomating our proposed design of simulation experiments strategy. 

3.5 A Conceptual Framework for Automating the Proposed Design of Experiments 

Strategy 

3.5.1 Introduction 

The recent emphasis on improving manufacturing products and processes has necessi

tated the need for effective decision-aiding technologies. Computer simulation is one such 

technology. Artificial intelligence is another. One of the primary obstacles in developing 

and analyzing a simulation model is that it requires multi-talented people. Within the 

manufacturing environment, a simulation analyst is required to know not only the specific 

simulation software being used but should also h<;lve a knowledge of statistics, queueing 

theory, materials management, industrial engineering, operations research, capacity man

agement, and general manufacturing operations. Organizations often question the ability 

of their employees to develop and analyze complex simulation models since many of 

the members of the simulation team have little other than programming knowledge. In 

an attempt to address this serious and practical problem, researchers are focusing on the 

development of intelligent simulation environments. Such environments will not only 

make the task of developing and analyzing simulation models easier for both developers 

and users, but can also be used as training tools for personnel involved in simulation 

modeling. 

Although the actual development and implementation of an automated design and 

analysis of experiments expert system is beyond the scope of this research, we have 

developed a conceptual framework for automating the design of simulation experiments 
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strategy we have proposed. The model provides a highly interactive environment for the 

analyst. It is not meant to be a black-box in which the computer software does all of 

the work for the analyst, but is designed to be an assistant to guide the user through the 

steps of designing and analyzing simulation experiments and to provide feedback when 

appropriate. 

Figure 3.4 presents a diagramatic view of the framework. It consists of three 

primary expert systems, the factor level expert, the experimental design expert, and the 

analysis expert. Each of these expert system components will be described in detail 

below. 

Initially, the user will encounter a tutorial session which overviews the system 

and describes the information that will be requested of the user. It is assumed that the 

analyst understands what his problem objectives are, what controllable variables will be 

investigated, what noise variables will be investigated, what performance measures are 

of interest, etc. The tutorial will also inform the user of suggested ways to obtain the 

levels of each of the input parameters that will be used as noise variables. Therefore, it 

is assumed that through the tutorial provided, the user is able to prepare the information 

that will be requested during the consultation sessions with the expert system. 

Once the user has reviewed the material in the tutorial and has prepared the re

sponses to be provided to the expel.t system, an initial consultation session will be con

ducted with the user. The consultation session involves a series of questions asked by the 

expert system of the user to ascertain problem specifications and to confirm conclusions 

made by the expert systems. Since the expert system has not been designed, details of 

its operation and implementation cannot be provided. However, a discussion of the three 

separate components will be discussed in the following sections. 
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3.5.2 Factor Level Expert 

The factor level expert system consists of three primary modules: the dialogue manager, 

the constraint manager, and the rule manager. The function of the dialogue manager is to 

control the feedback during the consultation between the analyst and the expert system. 

The function of the constraint manager is to convert the user's answers pertaining to 

constraint issues into constraints. The function of the rule manager is to convert the 

constraints formulated by the constraint manager into rules. 

The dialog;u:e manager is active throughout the session with the factor level expert 

system. The dialogue manager initiates the consultation session. After the user answers 

the questions pertaining to constraints, the dialogue manager inputs these answers to the 

constraint manager. The constrait manager organizes the constraints based on answers 

the user has given. The dialogue manager then presents the constraints to the user and 

may engage in further dialogue with the user if the user is confused or needs to alter 

some of the constraints. Mter the user has indicated that the constraints formulated are 

satisfactory, the dialogue manager inputs the constraints to the rule manager. 

The rule manager formulates rules based on the constraints the user has agreed 

upon and the dialogue manager presents the rules to the user. Once again. the user 

may engage in further dialogue with the dialogue manager until the rules formulated are 

satisfactory to the user. The dialogue manager acts as an interface between the user and 

the constraint manager and the rule manager. 

Finally, a knowledge base is formulated by the rule manager based on the rules 

the user has agreed upon. This knowledge base in conjunction with a forward chaining 

inference mechanism will constitute the factor level expert that will, in tum, determine 

the levels of the controllable variables that will be used in the experimental design phase. 
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A forward chaining inference mechanism is a goal-directed procedure for accessing the 

knowledge base in order to make a decision. Within the context of a jobshop example, 

this means that the appropriate rules in the rule base would be traversed until a decision 

can be made regarding both the fate of an arriving part to a machining station and the 

capacity of the machines at the machining station of the arriving part. 

The actual questions asked of the user or the menus provided to the user will depend 

upon the answers given to successive questions. Since the purpose of this consultation 

is to determine problem specifications and constraints, questions asked of the user will 

be related to the objectives and goals of the problem. ' ,''''J ". ...,. 

The following are examples of the types of information elicited during this session: 

1. Information will be elicited to determine the number and types of controllable 

variables. Each controllable variable will be categorized as either quantitative or 

qualitative. The actual names of the controllabel variables such as lathes, drills, 

can be input and then converted into generic synonyms that the expert system can 

use across all models. For example, the expert system may represent lathe as x I 

and drill as X2. 

2. Assuming the procedures suggestS}n in the tutorial have been followed, the user 

will be asked to input the number of input parameters in the model and the settings 

for each of the input probability parameters. For example, if the user has followed 

the procedure suggested in the tutorial for constructing a confidence interval, for 

example, for mean interarrival time, then the point estimate could be used for deter

mining factor levels. If, for example, the two endpoints of the confidence interval 

estimate for mean interarrival time are 10.0 and 14.0 minutes, these levels will be 

input later to the experimental design expert for constructing experimental designs. 

For determing factor levels, however, it is acceptable to input, say, the point esti-

.,.ri'\ol 
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mate of mean interarrival time (12.0 minutes) only since only one value for each 

parameter of each input probability distribution will used in the simulation exper

iments at this stage of experimentation. (It is assumed that the user has followed 

some common pmcedure for selecting appropriate input probability distributions. 

The expert system will not determine this for the user. The user must determine 

this himself). 

3. The goal of the simulation will be determined. Usually, this will be the combination 

of settings of the controllable variables which provide the best system performance. 

4. System objectives will be determined. A menu will be provided so the user can se

lect among common objectives such as minimize queue lengths, maximize resource 

utilization, minimize time in system, etc. The questions the expert system asks of 

the user will depend upon his answers to the questions pertaining to objectives. 

For example, if the user selects minimize queue lengths as one of the objectives, 

then the expert system will ask. questions about lower and upper bounds on queues. 

5. The user will be asked to provide acceptable or desirable values for the objectives. 

The user may be asked if there is an upper bound on queue lengths and if there 

are exceptions when this upper bound does not hold. For example, the user may 

request that the queues not exceed a length of 10 unless the resource utilizations 

are below 60%, in which case the queue lengths may not exceed 20. 

6. Once the objectives have been converted into constraints, the user will be displayed 

the constraints and may manipulate them into appropriate groupings. For example, 

if the user has requested that the queue lengths not exceed 10 and the, resource 

utilizations not exceed 85%, the constraints will be displayed as: (1) queue lengths 

must be less than or equal to 10, (2) resource utilizations must be less than 01' equal 

to 85%. If the user then realizes that exceptions to these constraints are required, 

he may either group the displayed constraints together or add new constraints. For 

'. 
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example, the two constraints above may be grouped together to read: queue lengths 

must be less than or equal to 10 if resource utilizations are less than or equal to 

85%. Or the user may realize he needs another constraint. For exal"llple, the user 

may want to add the constraint: queue lengths must be less than or equal to 3 if 

resource utilizations exceed 85%. 

7. The groupings of constraints will be converted into rules. The user will be shown 

the rules and may either accept them or alter them. For example, if the system 

the user is modeling is a manufacturing system then the following rules may be 

displayed: (1) If the queue lengths are less than 10 and the machine utilizations 

are less than 85%, then place the part in queue, otherwise, add a machine to the 

machine station, remove a part from queue and let that part begin processing on 

the newly added machine. (2) If the queue lengths are less than 3, regardless of 

the resource utilization, place the arriving part in queue. 

Once the analyst agrees upon the rules generated, the factor level expert will be 

"hooked up to" the simulation program that the user has developed. The factor level 

expert is essentially an expert system which implements the reverse simualtion technique. 

Thus, as with the reverse simulation technique, the simulation model will be run in 

conjunction with the factor level expert. The factor level expert will be invoked whenever 

a decision must be made regarding the levels of the controllable variables, for example, 

whenever a decision must be made regarding resource capacity. When the simulation 

has completed running, the factor level expert will display a table such as Table 3.1, in 

which the distribution for the amount of time in which 1\1 (where AI = 1, 2, ... , 1\/ max) 

machines, for example, were needed at each each work station. The factor level expert 

will also provide suggestions with explanations for the settings for each of the quantitative 

controllable variables. An optional short tutorial will be available to the user in which 

the results from this session will be described and interpreted. 
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Based upon the factor level expert's suggestions and the user's objectives, the user 

will select the levels of the controllable variables that will be used in the experimental 

design. The user either indicates that the suggestions made by the factor level expert 

are acceptable or inputs an alternative set of levels that the user has selected based on 

the output of the reverse simulation technique to the experimental design expert. The 

experimental design expert is discussed in the following section. 

3.5.3 Experimental Design Expert 

The experimental design expert will consist of both a dialogue manager and an experi

mental design manager module. The dialogue manager will control the dialogue between 

the analyst and the experimental design manager. The type of infonnation elicited during 

this phase is the following: 

1. Levels of each of the design variables 

2. Levels of each of the noise variables 

3. Assumptions about the model and the functional fonn of the model. 

The user will be provided a menu from which the functional fonn of the model may 

be selected. Or, the user may construct the functional fonn based on suggested models. 

The functional fonn of the model will relate the controllable variables to the response 

and exhibit assumptions made about interaction effects. For example, the functional 

fonn specified by the user may be the following: E(y) = 130 + J3lxl + J32 x 2 + J3I2XIX:!. 

Based on the model input by the user, the experimental design expert will suggest several 

experimental designs from which the user will choose. Optional panels can be accessed 

by the user which present overviews of each of the experimental designs suggested. 
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The following sample session demonstrates a possible consultation between the 

user and the experimental design expert system. First, the user will encounter several 

introductory panels that discuss the purpose of the session and the type of information 

that will be elicited from the user. Next, the user will be asked to input a model relating 

the controllable variables to the output. A menu will be provided which includes several 

model functional forms. The user may either select an appropriate model from those 

displayed or may construct a model of his own. The model will be of the general form 

E(y) = f30 + {3lxl + {32 x 2 + ... + {3k X k. Based upon the model, the expert system can 

deduce the number of controllable variables, the interaction assumptions, and the number 

of performance measures the analyst is investigating (one model will be input for each 

response, Y). The user will be provided a matrix with cells for each of the controllable 

variables. The levels of the controllable variables will be entered in the cells by the user. 

The user will also be asked to enter the levels to be varied for the noise variables. 

Based upon the responses of the analyst, the experimental design manager will 

construct experimental designs for both the controllable variables and the noise variables. 

Once the experimental design plan has been fully constructed, the next step is to begin 

the simulation experiments. 

The simulation model for the system being simulated will be driven by the inputs 

specified in an experimental frame. The experimental frame is the component of the 

simulation software that specifies the values of the controllable variables, the values of 

the noise variables, starting and stopping rules for the simulation, number of replicates 

to be conducted for each simulation run, and any other system parameters that can be 

separated for the simualtion program itself. The experimental design expert will invoke 

an algorithm that iteratively inputs the controllable variables and the noise variables into 

the experimental frame of the simulation program for each run of the simulation. 
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After each run of the simulation, output data collected on perfonnance measures 

that have been specified by the analyst will be sent to an output file. When all of the 

simulations have been run, the output file will be transferred to the analysis expert. 

3.5.4 Analysis Expert 

The analysis expert system will contain statistical software packages for perfonning sta

tistical analyses such as analysis of variance and regression. After the statistical analysis 

is perfonned, the results will be displayed to the user with an explanation of the analysis 

that was perfonned. The analysis expert will also provide a suggested solution with an 

explanation of the solution based upon the analyst's goals and objectives. The analyst 

may engage in a dialogue with the analysis expert at this point or obtain a hard copy of 

the analysis results. 

The following sample session illustrates some possible interactions between the 

user and the analysis expert. First, the user will be presented with panels that briefly 

describe the optimization and analysis options available. The user will select from a 

menu which analysis procedures the analysis expert should perfonn. For each analysis 

procedure the user selects, the user must also specify which responses should undergo 

each of the selected analysis procedures. A default option will also be available in which 

all of the available analysis procedures will be p~rfonned on the responses the user has 

indicated. 

Infonnal analysis procedures such as nonnal probability plots and effect graphs 

will also be provided if the user so desires. When the anlaysis is complete. the user may 

query the analysis expert about any issues which appear confusing. Explanatory panels 

will be shown to describe any or all of the analyses that were conducted. For example, 
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if the user does not know how to interpret the nonnal probablility plots, a panel can be 

pulled down which describes the nonnal probability plots and provides a sample with 

explanations. The user may obtain hard copies of the tutorial panels as well as the entire 

aaalysis that was perfonned. 

3.6 The Prototype System 

3.6.1 Introduction 

There are numerous problems the designer of such an intelligent simulation environment 

must face. An effective knowledge acquisition procedure must be followed. This task 

will be compounded by the fact that multiple experts must be consulted and a sound 

technique for conflict resolution must be employed. For such a system to be effective, 

a variety of common as well as esoteric statistical experimental design and analysis. 

procedures must be offered to the user. In addition, the interface must be clear yet 

concise and the expert system, in general, must by easy to use. Research interest in this 

area is apparent, however, no commercial packages that integrate simulation software 

with expert system software are currently available. One research project which appears 

to have the most commercial potential is SESSA, a statistical expert system for simulation 

analysis developed by Mellichamp and Park [62]. As the system now stands, however, it 

is to be used offline. That is, it is not designed to be integrated with existing simulation 

software. 

At the present stage of development of the proposed expert system, we will utilize 

simulation languages that are self-contained and unable to communicate with other sim

ulation or expert system software. The one component of the conceptual framework we 

have proposed for automating our experimental design strategy that has been developed 



126 

for the prototype system is the factor level expert. The factor level expert is, essentially, 

an implementation environment for the reverse simulation technique. For the purposes of 

proto typing, however, an interface has not been developed. Thus, the constraints and rules 

associated with the two models we have run using our prototype simulation/expert system 

have been "hard wired" into the expert system. Hence, the prototype simulation/expert 

system functions the same way the proposed factor level expert would. However, the 

prototype system does not exhibit the consultation session features described in section 

3.5.2. 

The experimental design expert system and the analysis expert system were not 

part of the prototyping effort. The functions performed by these two expert systems 

were performed manUally. That is, the author constructed the experimental designs and 

performed the analyses for the two models that are discussed in detail in Chapter 4. 

3.6.2 Discussion of Prototype S)'stem 

The features that are typical of most expert systems are a knowledge base and an inference 

mechanism. The knowledge base contains both facts related to the domain area and 

production rules, which are rules related to the domain area. The inference mechanism 

can be forward chaining, backward chaining or a combination of both. A forward chaining 

inference mechanism is one which is goal seeking. That is, a goal is achieved by 

applying (or firing) rules, which may, in tum, fire additional rules until a goal state (or 

no conclusion) is reached. A backward chaining inference mechanism is goal driven. 

That is, the inference process begins with a goal such as a hypothesized conclusion, and 

works backward in search of existing evidence to support the hypothesized conclusion 

either directly through the rules or through information inferred from the rules. 
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Many expert system shells or languages also have some procedure for calculating 

confidence factors. Confidence factors are not probabilities. They are indications of 

the strength or weakness of a proposition offered by the expert system. The value of 

a confidence factor may range from -1 to 1. A zero implies no tendency toward the 

truth or falseness of a statement. A value of 1 implies absolute truth of a proposition 

and -1 implies the absolute falseness of a statement. The following example illustrates a 

typical forward chaining search in which a goal is reached that has a confidence factor 

associated with it. The example is taken from a medical diagr.ostic expert system called 

Mycin [78]. 

If: 

1) the site of the culture is blood, and 

2) the gram stain of the organism is gramneg, and 

3) the morphology of the organism is rod, and 

4) the patient is a compromised host 

Then: 

There is suggestive evidence (0.6) that the identity of the organism is pseudomonas

aeruginosa. 

The expert system employed in our prototype functions in a slightly different man

ner than typical expert systems. That is, the knowledge base is fonnulated through a 

consultation with the user. However, the conclusions made by the expert system are not 

drawn from a consultation with the user. They are, instead, drawn from a "consultation" 

with the simulation program. That is, the expert system is invoked by the simulation 

program as the simulation is executing, and the advice given by the expert system is 

given to the simulation program dynamically as the simulation executes. 

The simulation language SIMAN is able to communicate with FORTRAN. Expert 
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system production rules can easily be represented by the If Then Else construct in FOR

TRAN. Thus, the expert system that is used in the prototype system to emulate the reverse 

simulation technique is written in FORTRAN. The construction of the expert system in 

FORTRAN does not allow for flexibility. Options for inferencing such as backward and 

forward chaining are not available. In addition, confidence factors cannot be incorporated 

into the expert system. These shortcomings are not detrimental, though, because the type 

of expert system required for the needs of the reverse simulation technique would be one 

in which forward chaining is used. The inferencing strategy employed in FORTRAN is, 

essentially, a forward chaining inferencing approach. 

Functionally, the expert system we have developed in FORTRAN for the prototype 

system operates the way a commercial expert system operates, although it does not have 

a built-in interface for consultation between the expert system and the user. . The expert 

system we have developed allows system knowledge to be separate from system process 

logic and provides a framework for expert decision rules to exist separately from the 

simulation model itself. Thus, the expert system can be connected to several different 

simulation models. 

The simulation models we have developed are written m SIMAN. During the 

execution of the simulaton program when an expert decision must be made regarding 

the levels of the controllable variables, control is diverted from the simulation program 

to the expert system. The expert system traverses its rule base, comparing the current 

state of the system being simulated to the required operating conditions of the system 

being simulated which are reflected in the rules. A decision is made by the expert system 

either to maintain the current level of a controllable variable or to increase or decrease the 

level of the variable by one. Control is then returned to the simulation program where 

the current entity, for example, a part being processed in a jobshop, continues being 

processed until a delay in simulated time occurs. That is, when control is diverted from 
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the simulation program to the expert system, the decision made by the expert system will 

affect both the status of the entity (customer, part) that is currently being processed in 

the simuation and the levels of the. controllable variables (capacity of resources). Thus, 

when control is diverted from the expert system back to the simulation program, the entity 

which had triggered the invokation of the expert system will continue being processed, 

its fate having been determined by the expert system. That is, the entity may be put in 

queue or may begin service either on an available resource or a newly added resource. 

Figure 3.5 depicts the prototype system developed to implement the reverse sim

ulation technique. Essentially, the prototype system represents the factor level expert 

and provides information on the levels for the quantitative controllable variables. The 

levels of the controllable variables suggested by the expert system were used to construct 

experimental designs and perform the analysis. As was mentioned earlier, the proto

type system does not construct the experimental designs or conduct the analysis. These 

activities were performed manually by the author. 
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Chapter ~ 

MODEL DESCRIPTION 

4.1 Introduction 

This chapter provides a detailed description of the jobshop model which will be simulated 

to test the efficacy of the procedures proposed within this dissertation for finding robust 

system designs. A discussion of the problem goals, objectives, and the treatment of 

machine breakdowns will be included. We will also describe the pilot experiments which 

were run to determine the simulation run length, the number of replicates to be performed, 

and the extent of the initial transient period. 

The initial conditions selected to run a simulation model are often that the system 

begins empty and idle. The behavior of a simulated system during the time period when 

the initial conditions are having an effect on the output is not the behavior expected 

once the simulated system has "warmed up". Observations taken from the beginning 

of a simulation run may contaminate the statistics collected during the simulation run. 

A simulation analyst is generally interested in the steady-state behavior of a system, 

i.e., the behavior of a system once the system has settled into behavior representative 

of normal operating conditions. Thus, it is important to determine this "warm up" or 
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initial transient period so that observations taken during this period can be ignored when 

calculating sample statistics. A pilot study was conducted for two models of a jobshop 

to determine the transient period for each model. 

The generic jobshop that will be simulated will be described in the next section. 

Then, a description of two distinct models of the jobshop that will be investigated will 

be provided. In the final sections, the pilot experiments that were conducted for each of 

the jobshop models will be discussed . 

.... 2 A Jobshop Configuration 

A simple jobshop model depicted in Figure 4.1 consists of a receiving/shipping station 

and four machining stations. The types of machines found at each of the four machining 

stations are different, each machining station perfonning a separate machining operation. 

Each of the machines at a particular station, however, is identical. Parts arrive to the 

receiving station (station 5) according to a Poisson process with exponential interarrival 

times with a mean of W2. The system is initially empty and idle, i.e., the first part arrival 

occurs an exponential amount of time with mean W2 from time zero of simulated time. 

Parts are moved from the receiving station to the machining stations by a trans

porter. The transporter is initially at the receiving station in an active state, i.e., the 

transporter is operational and ready to begin transporting parts that arrive to the system. 

There is a transporter queue at each of the machining stations as well as one queue at 

the receiving/shipping station. The transporter moves at a speed of one hundred feet per 

minute and transports all the parts in the queue of the requesting station that have the 

same destination station. The operational rule for the transporter is shortest distance to 

station (sdt) with ties being broken by first-in-first-out (fifo). If the transporter unloads 
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Figure 4.1: Jobshop Configuration with Four Machining Stations and a Receiving/ Ship

ping Station 
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parts at a station and there are no parts in any of the transporter queues, then the trans

porter remains idle at the station where the unloading occurred until the next request is 

made. The following matrix indicates the distances between stations in feet: 

Distance Matri.,;: 

2 3 4 5 

1 75 125 100 63 

2 100 125 138 

3 75 138 

4 63 

There are two different part types that are processed in the jobshop, each with a 

different part sequencing. The probability an incoming part is of type one is WI and the 

probability it is of type two is 1 - WI. Processing times at each of the machining stations 

are exponentially distributed with me,ms WJ, W4, Ws, and W6 for machining stations 1, 2, 

3, and 4, respectively. Both part types enter and leave through the receiving/shipping 

station. 

4.2.1 Tv,,'o Models of the Jobshop 

Two distinct models of the jobshop described in Section 4.2 will be investigated. The 

first model is referred to as the machine maintenance model and the second model is 

referred to as the machine failure model. The three features which distinguish the two 

models are the sequencing of parts within the jobshop, the handling of machine failure, 

and the values of the parameters for the input probability distributions. 

Parts in the machine maintemmce model have a different sequencing than patts in 

the machine failure model. Machines are maintained at deterministic points in time in 
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Table 4.1: The Machine Maintenance Model 

Part Type Probability Part Sequencing Mean Processing Times 
1 WI 1/3/4 W3,WS,W6 

2 I-wI 2/3/4 W4,WS,W6 

Table 4.2: The Machine Failure Model 

Part Type Probability Part Sequencing Mean Processing Times 
1 WI 1/4/3/2 W3) W6, Ws, W4 

2 I-wI 4/2/1/3 W6, W4, W3, Ws 

the machine maintenance model, whereas in the machine failure model, machines will 

have a random uptime and a random downtime. The values of the input parameters for 

the two models will be different, i.e., different values for part type probabilities, mean 

interarrival times, and mean service times will be used in each model. Each of these 

distinctive differences is discussed below. 

The sequencing for a part type one for the machine maintenance model is stations 

1, 3, and 4. The sequencing for a part type two for the the machine maintenance model 

is stations 2, 3, and 4. Table 4.1 summarizes the infonnation associated with both part 

types for the machine maintenance model: 

The sequencing for a part type one for the machine failure model is stations 1, 4, 

3, and 2. The sequencing for a part type two for the machine failure model is stations 

4, 2, 1, and 3. Table 4.2 summarizes the information associated with both part types for 

the machine failure model 

The goal of each of the models is to determine the optimal combination of values 

for the controllable variables. The controllable variables for both models are the number 

of machines at machine stations one through four, the number of transporters, and the 
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Table 4.3: Controllable Variables for Both the Machine Maintenance Model and the 

Machine Failure Model 

Number of machines at machine station 1: BI 
Number of machines at machine station 2: B2 
Number of machines at machine station 3: B3 
Number of machines at machine station 4: B4 
Number of transporter devices: 8s 
Queue discipline: 86 

Table 4.4: Noise Variables for the Machine Maintenance Model 

Probability a part is type 1: WI 

Mean interarrival time: W2 

Mean processing time at machine station 1: W3 

Mean processing time at machine station 2: W4 

Mean processing time at machine station 3: Ws 
Mean processing time at machine station 4: W6 

queue discipline. The controllable variables for both models one and two are shown in 

Table 4.3. 

The collection of uncontrollable variables that can affect the system's performance 

is known as system noise. The external sources of system noise for the jobshop are the 

probabilities of part type mix, the mean interarrival time of parts to the system, and the 

mean processing time of parts at each of the machining stations. Thus, the parameters 

associated with each of the input probability distributions will be treated as system noise. 

For the machine maintenance model there are six noise variables and for the machine 

failure model there are eight noise variables. Tables 4.4 and 4.5 show the noise variables 

for the machine maintenace model and the machine failure model, respectively. 

For the sake of simplicity, it is assumed that machine set-up times are zero and the 



Table 4.5: Noise Variables for the Machine Failure Model 

Probability a part is type 1: WI 

Mean interarrival time: W2 

Mean processing time at machine station 1: W3 

Mean processing time at machine station 2: W" 
Mean processing time at machine station 3: Ws 
Mean processing time at machine station 4: W6 

Mean machine uptime: W7 

Minimum machine downtime: "-'8 
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time to load and unload parts both from the transporter and onto the machines is zero. 

4.3 Problem Objectives 

The two primary objectives associated with each model are (1) maximize average weekly 

throughput and (2) minimize average time in system. Weekly throughput refers to the 

number of parts that complete processing per week. Time in system refers to the time 

a part spends in the system before completing processing and being shipped from the 

receiving/shipping station. Thus, each model will produce two performance measures, 

it, the average weekly throughput and }i, the average time in system. The secondary 

objectives of importance are (1) minimize number of parts in each queue, (2) maximize 

utilization of each machine station, and (3) maximize utilization of the transporters. An 

analysis will be performed on the primary objectives. After a best system design has 

been determined, i.e., the combination of settings for the controllable variables which 

optimizes the primary objectives and is the least sensitive to uncontrollable system noise, 

confirming simulation runs will be performed with the controllable variables at their 

optimum settings. The secondary objectives will be investigated in these follow-up runs 

to ensure the suggested best system design satisfies the seconda..'Y objectives as well as 
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the primary objectives . 

.J..J Treatment of Machine Failure 

One of the most problematic occurrences ii1 any manufacturing operation is machine 

failure. Various paradigms have been suggested for modeling machine failure. The t\vo 

jobshop models we will be investigating each reflects a different scenario for handling 

machine breakdowns. 

The scenario for the machine maintenance model involves scheduling machine 

maintenance at deterministic times during a simulation run. Under this scenario it will be 

assumed that machine breakdowns do not occur. Each machine at each machine station 

will periodically be maintained. Thus, machine capacity at each station will be decreased 

by one during the maintenance period. 

The second scenario involves randomly occurring machine breakdowns. Under this 

scenario, each machine will have an exponentially distributed uptime during which the 

machine is operational and a uniformly distributed downtime during which the machine 

is being repaired. The parameters associated with the distributions for these random 

occurrences will be treated as noise variables. Thus, W7 will represent the mean of the 

exponentially distributed uptime and Ws will represent the minimum downtime. 

In summary, the models that will be investigated are the following: 

1. Model One - Machine Maintenunce Model 

• Part Sequencing: Part Type One - 1/3/4, Part Type Two - 2/3/4 

It Objectives: (1) Minimimze Average Time in System, (2) Maximi.ze Average 
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Weekly Throughput 

o six noise variables 

2. Model Two - Machine Failure Model 

• Part Sequencing: Part Type One - 1/4/3/2, Part Type Two - 4/2/1/3 

• Objectives: (1) Minimize Average Time in System, (2) Ma."{imize Average 

Weekly Throughput 

• eight noise variables 

-1.5 Pilot Experiments 

-1.5.1 Introduction 

Two pilot experiments were conducted, one for the machine maintenance model and one 

for the machine failure model. The goal of both pilot experiments was to detennine 

approximately the simulation run length, the number of replicates to be perfonned, and 

the length of the "warm up" or initial transient period for the simulation experiments 

that will be conducted for both the machine maintenance model and the machine failure 

model. 

Both of the models we investigated are models of steady-state systems. The per

fonnance measures of interest, such as average weekly throughput and average time 

in system, are measures related to the steady-state behavior of the jobshop. The ini

tial conditions selected to simulate the jobshop were that the jobshop begins empty and 

i:lle. The perfonnance of the jobshop during the begining of each simulation run is not 

representative of the perfonnance in general. Hence, the output data generated during 

the beginning of each simulation run may adversely affect the estimates of perfonnance 
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measures that are calculated during each run of the simulation. It is important to try to 

estimate when steady-state begins so that observations from the "warm up" period can 

be deleted when calculating statistics such as means and variances of the performance 

measures of interest. 

To compensate for the initial transient problem, many procedures have been sug

gested in the simulation literature for detennining the "warm up" period for steady-state 

simulations. Chapter one contains references to many of these procedures. However, 

it has been suggested [29] that many of the methods for detennining when steady-state 

appears to begin do not work well in practice. 

Law and Kelton [58] recommend an approach attributable to Welch [107] for 

determining the initial transient period. Welch's graphical approach was selected for 

detennining the initial transient period in the pilot experiments conducted for both the 

machine maintenance model and the machine failure model. The particular method used 

for detennining the initial transient period is not critical to the design and analysis strategy 

proposed in this dissertation. Welch's approach was selected because it is easy to use 

and understand. During the optimization stage, the observations from the initial transient 

period determined in the pilot experiments will be deleted. 

The following section will include both a discussion of Welch's graphical approach 

for detennining the initial transient period and a description of an algorithmic implemen

tation of Welch's graphical approach suggested by Law [58]. The algorithm suggested 

by Law also provides the simulation analyst with an estimation of the required simulation 

run length and the number of simulation replications to be performed. The simulation 

run length and the number of replicates that are suggested by Law's algorithm are those 

that are sufficient to find a curve of plotted moving averages of a specified perfonnance 

measure from which the initial transient period can be detennined. 
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4.S.2 'Velch's Graphical Approach for Determining the Initial Transient Period 

Welch's graphical approach for detennining the initital transient period of a steady-state 

simulation is applied to a perfonnance measure of interest, Y. The perfonnance measure 

we observed in the pilot experiments was daily throughput. Throughput was observed 

for i days, where i = 1,2, ... , m. Thus, m observations of throughput were observed. 

The goal of Welch's graphical approach is to detennine a time index q such that 

the expected value of the perfonnance measure of interest is approximately equal to JL 

(the population mean of the perfonnance measure of interest) for i greater than q. That 

is, EOi) ~ JL for i > q. The fonnal definition of JL is 

JL = ,lim E(Yi). 
1--00 

Since the number of observations for Y would have to approach infinity for this equality 

to hold. it is stated that the expected value of }'i is approximately equal to JL when a 

system appears to be in steady-state. 

The sequence of steps recommended by Welch for constructing a graph from which 

the time index q can be detennined is given below. 

1. Make nl replications of the simulation each of length ml observations. Let YJi be 

the ith observation from the ph replication (j = 1,2, ... , nl; i = 1,2, ... , m/). 

2. The sample mean of observation i over replicates j = 1, ... , nl is defined as 

Y i = Lj~1 Yji/nl. i = 1,2, ... , mI. 

3. To smooth out high frequency oscillations in the averaged process Y1• }"; .... , the 

moving average }'i(w) is defined as follows: 

--;' { L~-w Yi+t/(2w + 1) for i = w + 1, ... , m - w 
Y i(W) = 

L;;~i-l Y i+t/(2i - 1) for i = 1, ... , w. 
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The window of the moving average, w, should satisfy 1 ::; w ::; l m/2 J. 

4. The moving average Y i (w) is plotted for i = 1,2, ... , m - w for three values of w. 

The time index q is chosen to be that value of i beyond which the moving average, 

Y(w), appears to have converged. 

The algorithm suggested by Law to implement Welch's grahical approach is the 

following: 

1. Initially, make nl = 5 replications of ml observations each. The number of obser

vations, ml, should be great enough to allow infrequent events such as machine 

breakdowns to occur a reasonable number of times. 

2. Plot ri( w) for at least 3 different values of w. Choose the smallest value of w 

for which the corresponding plot appears "reasonably smooth". Use this plot to 

detennine the length of the wann-up period, q. 

3. If no value of w in step 2 is satisfactory, make 5 additional replications of length 

mI. Repeat step 2 using all available data. 

The algorithm suggested by Law allows a simulation analyst to increase the sample 

size, ml, and the number of replications, nl, sequentially until a curve can be found for 

which the plotted moving averages become invariant at some point. Hence, from this 

procedure an estimate of the initial transient period, q, the simulation run length, m, and 

the number of simulation replications, n, can be found. 

In the optimization stage, a replication-deletion approach suggested by Kelton [48] 

will be followed. Kelton's replication-deletion approach suggests deleting the first q 

observations of each simulation run, where q has been detennined from a pilot experiment. 

If each simulation run produces m observations of a specified performance measure (or 
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several perfonnance measures), then statistics will be calculated using m-q observations. 

The simulation run length m should be large enough such that m, the total number of 

observations, is significantly greater than q, the number of observations that will be 

deleted. The phrase "significantly greater than" is subjective. The analyst must decide 

whether or not m is significantly greater than q. If this is not the case, then it is suggested 

to increase m such that the difference between m and q is appreciable. 

Welch's graphical procedure will be illustrated in the pilot experiments conducted 

for both the machine maintenance model and the machine failure model. 

-'.S.3 Pilot Experiment for Machine Maintenance ~Iodel 

The first pilot experiment that was perfonned is for the machine maintenance model in 

which machine maintenance is scheduled. It is assumed for this model that machine 

breakdowns do not occur. Each machine is scheduled for maintenance once a day. 

One day of operation of the jobs hop consists of sixteen hours. Thus, each machine is 

scheduled for maintenance once every sL'{teen hours. The maintenance time is twenty 

minutes per machine. The computer code for the pilot experiment of this model can be 

found in Appendix A. 

The reverse simulation was run initially to detennine the settings of the quantitative 

controllable variables to be used in the pilot study. The average number of machines and 

transporters needed to satisfy the specified system operating conditions were selected as 

the settings for the quantitative controllable variables for the pilot. These settings were 

2, 2, 3, and 4 machines for stations 1, 2, 3, and 4, respectively, and 1 transporter. The 

spt queue discipline was arbitrarily chosen to be used in the pilot. 

Settings for the noise variables also had to be selected for the pilot. The average of 
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the minimum and maximum settings for each of the noise variables that were used in the 

experimental design were selected. The selected settings were 0.5 for the probability that 

.m incoming part is a type one part,S minutes for the mean interarrival time, and 5, 5.5, 

6.0, and 7.5 minutes for mean processing times at stations I, 2, 3, and 4, respectively. 

Initially five replicates of the pilot experiment were run to determine whether a window 

size could be found which produced an acceptably smooth curve. By an acceptably 

smooth curve it is meant that, for one of the window sizes used, a curve is produced for 

which the plotted moving averages converge. The five replicates were each run for ten. 

weeks or fifty days, each day consisting of sixteen hours of simulated time. TIle response 

t' was daily throughput. 

Tables 4.6 through 4.9 show the calculations for daily throughput averaged over 

the five replicates and the moving averages ca.l.culated for window sizes 2. 10, and 20. 

Figures 4.2 through 4.4 display the plots of the moving averages for window sizes 2, 10, 

and 20, respectively. TIlese plots were used to determine the initial transient period, q. 

Table 4.6 lists the average throughput, Y i = L~=l }'ji/5, i = L 12, ... ,50, of days one 

through fifty over each of the five replicates. Table 4.7 lists the moving averages. Y,(w). 

for 1U = 2. Table 4.8 lists the moving averages for w = 10, and Table 4.9 lists the moving 

averages for w = 20. Figures 4.2, 4.3. and 4.4 show the curves for the moving averages 

for window sizes 2, LO, and 20, respectively. 

From Figure 4.3 it appears that five replicates produced an acceptably smooth curve 

for w = 10. The initial transient period appears to be about 5 days, which represents 

one week of simulated time. TIle length of each replicate of the sim~lation was 50 days. 

Since 50 days is significantly larger than the initial transient period of 5 days, it appears 

that a run length of 50 days or 10 weeks is acceptable since 50 days is appreciably 

larger than 5 days. Thus, in both the reverse simulation and the simulation experiments 
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Figure 4.2: Curve for Moving Averages for w = 2 - The Machine Maintenance Model 
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Figure 4.3: Curve for Moving Averages for w = 10 - The Machine Maintenance Model 
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Figure 4.4: Curve for Moving Averages for w = 20 - The Machine Maintenance Model 



Table 4.6: Averages of Daily Throughput - Pilot Experiment for Machine Maintenance 

Model 

Y 1 = 179.2 YII = 187.4 Y21 = 192.8 Y31 = 186.4 Y·.H = 196.8 

Y:! = 204.4 Y I2 = 193.4 } .. 22 = 205.2 Y 32 = 193.4 Y 42 = 183.0 

Y3 = 189.2 Y I3 = 195.8 Y 23 = 196.0 Y33 = 191.8 y.n = 201.2 

Y4 = 198.6 Y I4 = 190.4 Y 24 = 193.6 Y 34 = 185.4 y'.j4 = 193.8 

Y s = 184.8 Yis = 192.2 Y 2S = 202.6 Y 3S = 188.8 Y.~5 = 187.2 
Y6 = 183.4 YI6 = 197.8 }"26 = 183.8 Y 36 = 191.4 Y46 = 194.6 

Y7 = 189.4 Y I7 = 182.4 }"27 = 183.4 }/')7=196.8 Y.n = 203.0 

Ys = 195.4 VIS = 194.8 Y 28 = 193.0 Y 38 = 183.2 y'4s = 193.4 
Y9 = 199.4 Y I9 = 191.2 Y 29 = 194.8 Y J9 = 193.6 Y49 = 181.0 
Y IO =190.0 y' :!O = 191.4 y' 30 = 191.4 Y L q., ., 40 = . _ .... V50 = 184.0 

Table 4.7: Moving Averages for w = 2, Vi (2), i = 1,2, ... ,48 - Pilot Experiment for 

Machine Maintenance Model 

Y 1 = 179.20 Y9 = 192.32 Y 17 = 191.68 Y 2S = 191.88 1"33 = 189.16 Y41=L91.36 
Y 2 = 190.93 YIO = 193.12 Y 18 = 191.52 Y26 = 191.28 Y34 = 190.16 Y 42 = 191.40 
1" 3 = 191.24 YI I = 193.20 1"19 = 190.52 }/' 27 = 191.52 }1'35 = 190.84 1'43 = 192.40 
}1'4 = 192.08 }I' 12 = 19 1.40 Y20 = 195.08 }/';!8 = 189.28 Y36 = 189.12 1" .j4 = 191.96 
Y S = 189.08 YI3 = 191.84 Y 21 = 195.32 }1'29 = 189.80 Y 37 = 190.76 Y45 = 195.96 
Y6 = 190.32 YI4 = 193.92 Y 22 = 195.80 }/'30 = 191.80 Y 38 = 189.44 Y46 =194.40 
Y 7 = 190.48 Yl5 = L91.72 Y23 = 198.04 }1'31 = 191.56 Y39 = 190.52 Y 47 = 191.84 
Y s = 191.52 Y 16 = 191.52 Y 24 = 196.24 Yn= 189.68 }., 40 = 187.76 Y 4S = 191.20 

themselves for the machine maintenance model, five replicates each of length 50 days or 

10 weeks will be run. The observations from the first five days, or the first week, will 

be deleted and the ill1alyses will be based on observations from weeks two through ten. 
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Table 4.8: Moving Averages for w = 10, Yi(lO),i = 1,2, ... ,40 - Pilot Experiment for 

Machine Maintenance Model 

Y\ = 179.20 Y II = 191.59 Y2\ = 192.37 Y3\ = 191.73 
Y 2 = 190.93 Y\2 = 192.83 Y 22 = 192.66 Y32 = 191.27 
Y3 = 191.24 Y13 = 192.43 Y 23 = 192.58 Y 33 = 191.16 
Y 4 = 189.86 Y\4 = 192.64 Y 24 = 192.09 Y34 = 191.06 
Y s = 191.53 Y\S = 192.83 Y 2S = 192.01 Y 3S = 190.76 
Y 6 = 191.02 Y16 = 192.78 Y 26 = 191.97 Y 36 = 190.37 
Y 7 = 191.57 Y\7 = 192.78 Y 27 = 191.92 Y 37 = 191.29 
Ys = 191.53 Y\S = 192.95 Y 2S = 191.96 Y 3S = 191.76 
Y 9 = 191.36 Y\9 = 192.92 Y29 = 191.90 Y 39 = 191.19 
Y to = 191.54 Y 20 = 192.54 YJO = 191.48 Y 40 = 190.68 

Table 4.9: Moving Averages for w = 20, }'"i(20),i = 1,2, ... ,30 - Pilot Experiment for 

Machine Maintenance Model 

Y\ = 179.20 Y II = 191.59 Y 2\ = 191.63 
Y 2 = 190.93 Y\2 = 192.37 Y 22 = 191.72 
Y 3 = 191.24 Y\3 = 192.83 Y2J = 191.65 
Y 4 = 189.86 Y\4 = 192.15 Y 24 = 191.76 
Y s = 191.53 Y\S = 192.27 Y 2S = 191.48 
Y 6 = 191.02 Y\6 = 192.05 Y 26 = 191.72 
Y7= 191.57 Y\7 = 192.08 }," 27 = 192.19 
}'"s = 191.53 Y\S = 191.80 Y 2S = 192.29 
Y9=191.36 Y\9 = 191.92 Y 29 = 191.94 
Y to = 191.54 Y 20 = 191.74 Y 30 = 191.56 



150 

4.5.4 Pilot Experiments for Machine Failure Model 

The second pilot experiment that was conducted was for the machine failure model 

in which machine breakdowns occur. The machine failure model also differs from the 

machine maintenance model in that the machine sequencing for part types one and two for 

the machine failure model is unlike the part type sequencing for the machine maintenance 

model. In addition, the settings for the noise variables for the machine failure model are 

different from the settiugs for the noise variables for the machine maintenance model. 

Section 4.2.1 discusses these differences in detail. 

For the machine failure model, each machine at each machine station has an expo

nentially distributed uptime and a uniformly distributed downtime. The computer code 

for the pilot experiment for the machine failure model can be found in Appendix D 

The reverse simulation was run initially to detennine the settings of the quantitative 

controllable variables to be used in the pilot experiment for the machine failure model. 

The average number of machines and transporters needed to satisfy the specified system 

operating conditions reflected in the expert system were selected as the settings for the 

quantitative controllable variables for the second pilot experiment. These settings were 

3, 4, 4, and 5 machines for stations 1, 2, 3, and 4, respectively, and 2 transporters. The 

spt queue discipline was chosen arbitrarily as the queue discipline for the second pilot 

experiment. 

The average of the minimum and maximum values for each of the noise variables 

that were used in the experimental design was selected as the setting for the noise variables 

in the pilot experiment. The selected settings were 0.5 for the probability an incoming 

part is a type one part, 4.5 minutes for mean interarrival time, and 6.0, 6.5, 6.5, and 8.5 

minutes for mean processing times at stations 1, 2, 3, and 4, respectively. The setting 
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for mean machine uptime was 1920 minutes (32 hours) and the settings for the minimum 

and maximum machine downtime were 120 minutes and 150 minutes (2 to 2.5 hours). 

Initially, five replicates of the pilot experiment were run to detemline whether a 

window size could be found which produced an acceptably smooth curve for the plotted 

moving averages. The five replicates were each run for ten weeks or fifty days, each day 

consisting of sixteen hours of simulated time. The response Y was daily throughput. 

Tables 4.10 through 4.13 show the calculations for daily throughput averaged over 

five replicates for fifty days and the moving averages calculated for window sizes of 

five, ten, and twenty. Figures 4.5, 4.6, and 4.7 display the curves of the plotted moving 

averages for window sizes five, ten, and twenty, respectively. 

Table 4.10 lists the average throughput, }'i = 2:;=1 }'ji/5, i = 1,2, ... ,50, of days 

one through fifty over each of the five replicates. Table 4.11 lists the moving averages, 

Yi(w), for w = 5. Table 4.12 lists the moving averages for w = 10, and table 4.13 lists 

the moving averages for w = 20. Figures 4.5, 4.6, and 4.7 show the curves for the plotted 

moving averages for window sizes 5, 10, and 20, respectively. 

Upon inspection of Figure 4.6, it appears that five replicates produced an acceptable 

smooth curve for w = 10. The initial transient period appears to be about 10 days, which 

represents two weeks of simulated time. The simulation run length was 50 days. If 

the observations from the first ten days are deleted during the optimization stage, there 

will still be forty observations taken from each replicate of the simulation. This number 

appears sufficient. Thus, a simualtion run length of fifty days or ten weeks will be used 

in the experimental designs. 

In summary, in both the reverse simulation and the simulation experiments them

selves, five replicates each of length 50 days or 10 weeks will be run. The observations 
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Figure 4.5: Curve of Moving Averages for 'W = 5 - The Machine Failure Modd 
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Figure 4.6: Curve of Moving Averages for w = 10 - The Machine Failure Model 
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Table 4.10: Averages of Daily Throughput - Pilot Experiment for Machine Failure Model 

Y1 = 452.4 Y II = 483.4 Y Z I =474.2 Y31 = 469.8 Y41 =484.8 
Y z = 476.0 Y 1Z = 483.8 Y zz=462.2 Y 3Z = 485.0 Y 4z=470.8 
Y 3 = 464.0 Y 13 = 483.0 }'-23=467.2 Y 33 = 473.8 Y.n =47l.0 
Y 4 = 461.6 Yl4 = 481.4 Y24=469.8 Y 34 = 468.6 Y 44=476.4 
Y s = 465.2 Y 1S = 477.2 Y 25=472.2 Y 3S = 478.6 Y 4s=484.4 
Y 6 = 476.4 Y I6 = 487.0 Y z6=470.0 Y 36 = 479.0 }"46=479.8 
Y 7 = 480.8 Y l7 = 486.4 Y 27=476.0 Y 37 = 474.0 }'-47=497.6 
Ys = 477.6 Y lS = 461.4 Yzs=475.4 Y3S = 489.0 Y4s=486.2 
Y 9 = 489.0 Yl9 = 477.6 YZ9=486.6 Y 39 == 475.8 Y49=489.8 
Y 10 = 468.2 Y zo = 478.6 Y3o=480.8 Y.w = 470.4 }·-so=483.6 . 

Table 4.11: Moving Averages for w = 5, Y i(5), i = 1,2, ... ,45 - Pilot Experiment for 

Machine Failure Model 

Yl = 452.40 YIQ = 478.73 Yl9= 475.27 Y'2S = 476.42 ·V37=478.53 
Y2 = 464.13 y-II = 489.71 Y zo= 474.44 Y 29 = 476.55 Y3s=477.25 
Y3 = 463.84 Y I2 =481.62 Y Zl = 473.78 Y 30 = 477.35 Y39=477.49 
Y 4 = 468.06 Y13 = 479.85 Y Z2= 473.60 Y31 = 477.96 Y4o=478.93 
Y s = 471.44 Yl4 = 479.85 Y Z3= 472.60 Y 32 =478.33 Y4l =479.04 
Y 6 = 472.24 Y 1S = 478.91 Y 24= 474.89 Y 33 = 479.51 Y 42=479.09 
Y7 = 475.09 Y I6 = 479.45 Y 25= 475.18 Y 34 = 479.55 Y 43=480.20 
Ys = 475.73 YI7 = 477.98 Y Z6= 474.38 Y 3S = 478.07 Y 44=480.27 
Y 9 = 477.31 Y 1S = 476.47 Y Z7= 475.36 Y 36 = 478.44 Y 4s=480.98 

from the first ten days, or the first two weeks, will be deleted and the analyses will be 

based on observations from weeks three through ten. 
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Table 4.12: Moving Averages for w = 10, Yi(10),i = 1,2, ... ,40 - Pilot Experiment for 

Machine Failure Model 

}'"I = 452.40 Y II = 475.04 Y 21 = 475.93 Y31=474.94 
Y 2 = 464.13 Y I2 = 475.50 Y 22= 476.01 Y32=474.78 
Y3 = 463.84 Y I3 = 475.08 Y 23= 475.53 Y33=475.20 
Y4 = 468.06 Y I4 = 475.36 Y 24= 474.85 Y34=475.64 
Ys =470.40 Y 1S = 475.87 Y 25= 474.71 Y3s=476.33 
Y 6 = 471.38 Y I6 = 476.09 Y 26= 474.80 Y36=476.69 
Y7 = 473.23 Y 17 = 476.08 Y 27= 474.18 Y37=477.15 
Ys = 474.04 Y 1S = 475.82 Y2S= 474.30 Y3s=477.15 
Y9 = 475.53 Yt9 = 476.25 Y 29= 474.99 Y39=478.32 
Y 10 = 474.89 Y20 = 475.86 Y 30= 474.65 Y40 =478.82 

Table 4.13: Moving Averages for w = 20, Y i(20),i = 1,2, ... ,30 - Pilot Experiment for 

Machine Failure Model 

i'"t == 452.40 Y II =475.49 Y21 = 475.47 
Y 2 = 464.13 Y I2 = 474.55 Y 22= 475.92 
Y 3 = 463.84 Y I3 = 474.26 Y 23= 475.79 
Y4 =468.06 Y I4 = 474.17 Y 24= 476.09 
}'"s = 471.44 Y 1S = 474.64 Y 25= 476.65 
Y 6 = 472.24 Y I6 = 474.68 Y 26= 477.09 
}'"7 = 473.95 Y I7 = 474.97 Y27= 477.09 
Ys = 474.67 Y 1S = 474.89 Y2S= 477.22 
Y 9 = 476.08 Y I9 = 474.98 Y 29= 477.52 
Y IO = 475.39 Y 20 = 475.36 Y30= 477.38 
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Chapter 5 

EXPERIMENTAL DESIGNS FOR MACHINE MAINTENANCE MODEL AND 

MACHINE FAILURE MODEL 

5.1 Introduction 

In this chapter, the experimental design plans constructed for both the machine main

tenance model and the machine failure model will be presented. First, however, an 

implementation of the reverse simulation technique for each model will be discussed. 

The output generated from implementing the reverse simulation technique will be sum

marized and a discussion of the selection of the levels of the controllable variables based 

on the output of the reverse simulation technique will follow. 

The levels selected for the controllable variables for each model will then be used 

to construct the system designs for each model. A discussion of the fractional facto

rial designs used to construct both system designs and noise conditions will ensue and 

a discussion and display of the entire experimental design plan for both the machine 

maintenance model and the machine failure model will be presented. 

The optimization procedures employed for both the machine maintenance model 
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and the machine failure model will be presented in Chapter 6. 

- ') ~ ... The Machine Maintenance Model 

For the first model to be investigated, machine maintenance is scheduled at detenninistic 

points in time. Each machine at each machining station is maintained once a day. The 

maintenance time for each machine is twenty minutes. 

5.2.1 Reverse Simulation Discussion· Machine Maintenance Model 

Initially the reverse simulation technique was employed to detennine the levels of the 

controllable variables to be used when generating the system designs for the controllable 

variables. When searching for a best system design, it is desirable to begin the search 

in a feasible region of the factor space. The feasible region is a region in which system 

operating specifications, such as desired queue lengths and resource utilizations, are 

satisfied. 

The reverse simulation technique uses response surface methodology to search for 

a feasible region. The objective of the reverse simulation technique is to find a range of 

feasible values for each of the controllable variables. The actuai levels selected by the 

analyst from among the feasible levels will depend upon the type of experimental design 

that will be used in consttucting system designs. The reverse simulation technique will 

produce as output the range of feasible values for the controllable variables as well as 

a distribution of the amount of time in which the number of each controllable variable 

needed to satisfy system operating specifications was i, where i = 1,2, ... , AI ma;z:' 

The system designs constructed for the experimental design plan will be constructed 
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based upon a selection of the feasible values appropriate for the particular experimental 

design being used. In the optimization phase, a search will be made among the feasible 

system designs to find an optimal system design. 

The reverse simulation technique is implemented by attaching the simulation pro

gram to an expert system. As was mentioned previously, the rules governing system 

operating specifications will be contained in the rule base of the expert system. The 

expert system alters the levels of the controllable variables dynamically during the exe

cution of the simulation program to satisfy desired system operating specifications. The 

code for the simulation model, the experimental frame, and the expert system can be 

found kn Appendix B. 

The operating conditions that need to be satisfied for the machine maintenance 

model are those associated with queue lengths and both machine station and transporter 

utilizations. Thus, the constraints reflected in the expert system are related to queue 

lengths and resource utilization. 

The logic in the simulation program is such that every time a part arrives to a 

machining station (requesting a machine for processing) the part is temporarily placed in 

queue. The fate of the newly arrived part and the capacity of the machining station of 

the newly arrived part will depend upon the state of the jobshop at the time the machine 

request was made. The expert system will decide the fate of the newly arrived part and 

will adjust the level of the number of machines at the machining station of the newly 

arrived part to maintain desired queue lengths and machine utilizations. 

The possible actions that may be required to satisfy system operating specifications 

when the newly arrived part requests a machine are either (1) the part remains in queue, (2) 

the part is removed from queue and begins processing on one of the available machines, 
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or, (3) a machine is added to the station and a part that is in queue begins processing 

on the new machine. The first decision, the arriving part remains in queue, is made if 

there are no idle machines at the station and the arrival of the new part does not violate 

any of the constraints associated with queue lengths and resource utilization in the expert 

system. The second decision, the arriving part begins processing on one of the available 

machines, is made if there is at least one idle machine at the machine station where the 

part has arrived. The third decision, a new machine is added to the machine station and 

a part is removed from queue and begins processing, is made if one of the constraints 

in the expert system associated with queue length or resource utilization is not satisfied. 

The part that is removed from queue may be the newly arrived part or a part that had 

previously been in queue, depending upon the queue discipline being exercised. 

After each part that arrives to a machine station is temporarily placed in queue, 

control is diverted from the SIMAN simulation program to the expert system. The 

rules in the expert system are related to system contraints regarding queue lengths and 

machine utilizations. The upper bound on machine utilization was set such that machine 

utilizations were not to exceed eighty percent. The exception to this rule is related to the 

lower bound on the number in queue. The lower bound on the number in each queue was 

set to two. Thus, regardless of utilization, if there are two or fewer parts in queue the 

newly arrived part remains in queue. The upper bound on the number in queue was set 

at four. There were no qualifications related to the upper bound on the number in each 

queue. Thus, there can never be more than four parts in queue at any of the machining 

stations. The state of the system at the point in time when the expert system is invoked is 

compared to the desired operating conditions reflected in the rules in the expert system. 

For the machine maintenance model, the following rules were traversed: 

• If there is an idle machine at the station where the part has arrived, then the machine 
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capacity at the station remains the same. The part that has arrived is removed from 

queue and processing on one of the idle machines begins for that part. (All of the 

variables associated with number of idle machines, number of busy machines, etc., 

are updated regardless of which rule is fired). 

• If there are no idle machines then the resulting action initiated by the expert system 

depends upon the number of parts in queue and ma-::hine utilization at the machine 

station of the newly arrived part. 

- If the number of parts in queue is less than or equal to two, then the part 

remains in queue and machine capacity remains the same. 

- If there are either three or four parts in queue, then the part remains in queue 

if the utilization is less than 80%. Otherwise, a machine is added to that 

station and a part is removed from queue according to the queue discipline 

being exercised. The part that is removed from queue begins processing on 

the added machine. 

- If the number in queue equals five, then a machine is added to the machine 

station of the newly arrived part. A part is then removed from queue according 

to the queue discipline being exercised. The part removed from queue begins 

processing on the added machine. 

When a job is finished processing on a machine, control is again diverted from 

the SIMAN program to the expert system and the queue associated with the machining 

station of the released machine is checked. If the queue is not empty, a part is removed 

from queue and begins processing on the machine that was released. If the queue is 

empty and there is only one machine at that machine station, then the machine capacity 

remains at one. If the queue is empty and there is more than one machine at that machine 

station, then the machine capacity is decremented by one. 
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The rules traversed when a machine is released are the following: 

• If the queue associated with the released machine is not empty, then a part is 

removed from queue according to the queue discipline being exercised and begins 

processing on the released machine. 

• If the queue associated with the released machine is empty, then the machine ca

pacity remains the same if there is only one idle machine at that station. Otherwise, 

the number of machines at the station is decremented by one. 

Similar procedures are followed for the transporter, except the rules governing 

operating specifications for the transporter are related to utilization only. If the utilization 

is greater than or equal to 80%, then a new transporter is added. The new transporter 

is then allocated to one of the requesting stations. When a part or a group of parts 

arrives at a destination station, the transporter is released. If there are no requests at that 

time for the transporter and more than one transporter is active, then the capacity of the 

transporters is decreased by one. Otherwise, the capacity of the transporters remains the 

same. 

5.2.1.1 Reverse Simulation Results· Machine Maintenance Model 

Six replicates of the simulation for the machine maintenance model were run employing 

the reverse simulation technique. Three of the replicates implemented the spt queue 

discipline and three employed the fifo queue discipline. The transient period and the 

simulation run length detennined in the first pilot experiment were used. That is, each 

simulation was run for 10 weeks and the observations from the first week were deleted. 

The results from implementing the reverse simulation technique for the machine 
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maintenance model are shown in Table 5.1. Three types of output data associated with 

the number of machines required at each machine station and the number of transporters 

required to satisfy system operating specifications are presented. The first type of output 

data represents the average number of machines and transporters required. The second 

type represents the maximum number of machines and transporters required. And the 

third type of output data is a distribution of the amount of time in which 1 through 5 

machines or transporters were required:" 'Thus, for this model, there are seven measures 

calculated for each controllable variable. In general, the output will include a distribution 

of the amount of time in which the level of each of the quantitative controllable variables 

equals i, where i = 1,2, ... , Alma;c. Hence, in general, there will be (A1ma;c+2) measures 

calculated for each of the quantitative cont~nllable variables. 

The levels for each of the controllable variables was observed for weeks two 

through ten for each of the six replicates. Thus, each number in Table 5.1 is an average 

of a particular measure associated with the required levels of each of the controllable 

variables calculated over six replicates. For example, the fourth measure for the number 

of machines required at machine station one is the percentage of time in which two 

machines were required. Therefore, let Y41 be the percentage of simulated time in which 

2 machines were needed at machine station one during weeks two through six. Since the 

jobshop is a steady-state system, }'41 is a steady-state measure of system perfonnance. 

The average value of Y41 calculated over six replicates, y!, is the number displayed 

in Table 5.1. Thus, Y! = L~=l }'41)6. From the table it can be seen that the average 

percentage of simulated time in which 2 machines were needed at machine station one 

calculated over six replicates is 45.5%. That is. Y! = 45.4%. 

For each of the five quantitative controllable variables for the machine maintenance 

model, seven averages are shown in Table 5.1. Thus, }/ represents the ith average, where 

i = 1,2, ",,7, for controllable variable I. For example, the 5th average shown in the table 
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Table 5.1: Results from the Reverse Simulation Technique: Machine Maintenance Model 

Station 1 Station 2 Station 3 Station 4 Transporters 
Average: 1.6 Average: 1.4 Average: 3.0 Average :3.8 Average: 1.0 
Maximum: 8.0 Max.imum: 5.0 Maximwn: 10.0 Maximwn: 12.0 Maximwn: 1.0 
% 1: 47.5 % l: 63.7 % 1: 18.5 % 1: 9.3 % 1: 100.0 
% 2: 45.4 % 2: 35.4 % 2: 20.7 % 2: 14.9 % 2: 0.0 
% 3: 4.9 % 3: 0.6 % 3: 19.7 % 3: 17.9 % 3: 0.0 
% 4: 1.8 % 4: 0.3 % 4: 33.5 % 4: 17.5 % 4: 0.0 
%> 5: 0.4 %> 5: 0.1 %> 5: 7.6 %~ 5: 40.4 %~ 5: 0.0 

for controllable variable three is the percentage of simulated time in which 3 machines 

were required at station three averaged over the six replicates. On average, three machines 

were required at macrune station three 19.7% of the time. 

The levels of each of the quantitative controllable variables to be used for con

structing the experimental system designs can be detennined from this table. As will be 

discussed in the next section, two-level fractional factorial designs were used to construct 

the system designs. The criterion we imposed on the selection of the levels of the con

trollable variables to be used for constructing system designs was to choose as the high 

level, the number of machines and transporters, x, required such that the percentage of 

time in which x or fewer machines were required was at least 80%. This criterion could 
...... 

have included some value other than 80%. We felt that 80% was a reasonable bound 

to set. For example, four or fewer machines were needed at machine station three for 

at least 80% of the time. Thus, four machines was selected as the high level for the 

controllable variable "number of machines at machine station three". 

The low level was selected to accommodate the construction of a center point 

system design. (Four replicates of a center point system design will be used in the 

optimization stage to find a pure, unbiased estimate of (J':!.) The only exception to the 
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rule we imposed for selecting the levels of the controllable variables is the selection of 

the levels for the number of transporters. Only one transporter was needed throughout 

the six runs. Consequently, in the optimization stage, the number of transporters that will 

be investigated will be one or two. 

The levels selected for each of the controllable variables will be used in constructing 

the system designs. During the optimization stage, combinations of the levels selected 

will be investigated to find an optimal system design. The levels selected as a result of 

implementing the reverse simulation technique represent feasible levels. The combination 

of levels of the controllable variables which produce a best system design will be the 

optimal combination of levels of controllable variables. 

If the reverse simulation technique had not been employed, the levels of the con

trollable variables used to find an optimal system design would have been selected either 

by intuition about the system, cost constraints, or simple guesswork. The combination of 

levels selected, then, would not necessarily represent feasible values for the controllable 

variables. Time could be wasted varying these levels arbitrarily trying to find an optimal 

system design through a hit and miss series of attempts. The reverse simualtion technique 

allows the simulation analyst to identify feasible values for the controllable variables and 

proceed more expeditiously toward an optimal or best solution. 

Based on the results of the implementation of the reverse simulation technique 

for the machine maintenance model, the following levels of the controllable variables, 

(Or, 82 , ... , ( 6 ), will be used for constructing system designs and finding an optimum system 

design. 

1. Number of machines at machine station one: 1, 3 

2. Number of machines at machine station two: 1, 3 
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3. Number of machines at machine station three: 2, 4 

4. Number of machines at machine station four: 3, 5 

5. Number of transporters: 1, 2 

6. Queue disciplines: spt, fifo 

The levels of the controllable variables selected based on the results of imple

menting the reverse simulation technique will be used to construct system designs. For 

example, each system design that is contained in the complete experimental design plan 

will include either one or three machines at station one, one or three machines at station 

two, two or four machines at station three, three or five machines at station four, one or 

two transporters, and either the spt or fifo queue discipline. 

In the following section the construction of the particular system designs that will 

be used in the optimization stage to find an optimal system design will be discussed. The 

actual combination of levels of each of the controllable variables representing each system 

design depends upon the experimental design used to construct the system designs. 

-, , 
~.-. .., Experimental Design - Machine Maintenance Model 

TIle levels of the controllable variables determined by implementing the reverse simu

lation technique in the previous section will now be used to construct an experimental 

design plan. After the system designs and the noise condition designs have been con

structed, the complete experimental design plan for conducting simulation experiments 

will be presented. 

The objective at this stage is to choose a data collection plan that is appropriate for 

the assumed model which relates performance measures to the controllable variables. The 
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primary perfonnance measures of interest for the jobshop are average weekly throughput 

and average time in 'system. Thus, we intend to model both the relationship between 

average weekly throughput and a first-order polynomial involving the controllable vari

ables and the relationship between average time in system and a first-order polynomial 

involving the controllable variables. 

The two models assumed are of the fonn E(Y) = f30 + ,Blxl + fJ2,X2 + ... + ,B6X6, 

relating the six controllable or independent variables (x's) to the perfonnance measure 

(Y). Thus, two predictive models can be constructed, one relating Y, average time in 

system, to the controllable variables, and a second relating Y, average weekly througput, 

to the controllable variables. 

To estimate the parameters (f3' s) in such a model, several data collection plans 

could be used. A resolution I I I two-factor fractional factorial design allows the model 

parameters to be estimated. If a model involving second order interactions were to be 

entertained, either a resolution III design or a full factorial design could be used. (See 

Montgomery [63] for a complete discussion of factorial designs and design resolution). 

5.2.2.1 S)'stem Designs Generated - Machine Maintenance Model 

For the machine maintenance model, fractional factorial designs from the 2;[/ series 

would allow the parameters (f3' s) of the assumed predictive model to be estimated. Thus, 

21i] fractional factorial designs were used to construct the system designs for the con

trollable variables and to construct the noise conditions for the noise variables. Main 

effects for resolution I I I designs are aliased with two-factor interactions and two-factor 

interactions are aliased with each other. Higher resolution designs for which two-factor 

interaction effects can be estimated were not used because they would require a significant 
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increase in the number of simulation runs needed to estimate the desired effects. 

For example, a 21£J fractional factorial design requires only eight runs, whereas 

a 21v2 design requires sixteen runs and a 2~r[1 design requires thirty-two runs. It is 

possible, however, to add fractions at a later time to de-alias the two-factor interaction 

effects from the main effects if this appears necessary. (See Montgomery [63] for an 

excellent discussion on combining fractions to separate effects). 

Full two-level 2k factorial designs were not run because the number of runs required 

for a 26 factorial design would be sixty-four. Only six of the sixty-three degrees of 

freedom associated with this design correspond to main effects and only fifteen degrees 

of freedom correspond to two-factor interactions. Higher order interaction effects are 

generally considered negligible but for a full 26 factorial design, forty-two degrees of 

freedom are associated with three-factor and higher interactions. 

Another alternative would have been to observe three levels of each factor and 

construct 3k
- p fractional factorial desigsn. lbis option was not chosen to economize on 

the number of simulation runs that would be required. 

To be consistent in notation, the following chart is provided to demonstrate the 

correspondence between the notation for the controllable variables and the letters used to 

denote factors. In the types of analyses that were performed, letters are commonly used 

to indicate factors which we have been calling controllable variables. 
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Table 5.2: Two-Level Fractional Factorial Design Generators I = -ABD, I = -ACE, I = 
-BCF 

A B C D E F 

+ + + - - -
- + + + + -
+ - + + - + 
- - + - + + 
+ + - - + + 
- + - + - + 
+ - - + + -
- - - - - -

Controllable Variable Factor 
01: Number of Machines at Station 1 Factor A 
O2: Number of Machines at Station 2 Factor B 
03: Number of Machines at Station 3 Factor C 
04: Number of Machines at Station 4 Factor D 
Os: Number of Transporter Devices Factor E 
06 : Queue Discipline Factor F 

For the controllable variables, a 21if design was constructed. The one-eighth 

fraction that was used for the simulation experiments is demonstrated in Table 5.2, a 

table of pluses and minuses (a plus indicates the factor is set at its high level and a minus 

indicates the factor is set at its low level). The design generators are I = -ABD, I = 
-ACE, and I = -BCF, where I is referred to as the identity element. The alias structure 

of the design can be determined through the design generators. (See Montgomery [63] 

for a discussion of determining the alias structure of a fractional factorial design). 

Table 5.3 displays the eight system designs corresponding to the fractional factorial 

design in Table 5'.2 for the controllable variables, indicating the actual settings of the 
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Table 5.3: Two-Level Fractional Factorial System Designs 

System Designs 
1: 3 3 4 3 1 spt 
2: 1 3 4 5 2 spt 
3: 3 1 4 5 1 fifo 
4: 1 1 4 3 2 fifo 
5: 3 3 2 3 2 fifo 
6: 1 3 2 5 1 fifo 
7: 3 1 2 5 2 spt 
8: 1 1 2 3 1 spt 
9: 2 2 3 4 2 spt 

controllable variables. Design 9 represents the center point system design that will be 

replicated four times. 

In the optimization stage, an estimate of error must be obtained to perform an 

analysis of variance. Four replicates of one point in the center of the design will be 

used to obtain a pure, unbiased estimate of a2. A 211J design requires eight runs. Of 

the seven degrees of freedom available, six will be allocated to estimating main effects. 

The remaining degree of freedom is associated with a high-order interaction effect. The 

higher-order interaction effects for a resolution ill design are aliased with other high

order and two-factor interaction effects. Thus, if this effect were used to estimate error, 

the estimate would be a biased estimate. To obtain a pure, unbiased estimate of error, 

four replicates of a point in the center of the design were run. The center point system 

design that will be replicated to obtain an unbiased estimate of error will be referred to 

as system design 9 in the depiction of the complete experimental design plan. 
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5.2.2.2 Designs Generated for Noise Variables· Machine Maintenance Model 

As was mentioned in Chapter 3, the levels for the noise variables should be determined 

based on data collection. Input probability distributions are fit to data that is collected 

from the system of interest. Confidence interval estimates are then constructed for the 

parameters associated with each of the input probability distributions. 

The models run here are not based on a real-life system. Thus, it is assumed that 

the procedure suggested in Chapter 3 for determining the levels of the noise variables 

has been followed. Based on this assumption, the following levels for the noise variables 

will be used throughout the simulation experiments for the machine maintenance model. 

The levels for the probability an incoming part is a type one part (WI) are 0.4 and 

0.6. The mean interarrival time (W2) levels are 4 and 6 minutes. The mean processing 

time (W3) levels are 4 and 6 minutes at station one. The mean processing time (W4) levels 

are 4.5 and 6.5 minutes at station two. And levels for mean processing times-ai: stations 

three (ws) and four (W6) are 5 and 7 minutes and 6.5 and 8.5 minutes, respectively. 

The relationship between the notation for noise variables and letters used to repre

sent factors is represented in the following chart. 

Noise Variable Factor 
WI: Probability a Part is Type One Factor A 
W2: Mean Interarrival Time Factor B 
W3: Mean Processing Time at Station One Factor C 
W4: Mean Processing Time at Station Two Factor D 
Ws: Mean Processing Time at Station Three Factor E 
W6: Mean Processing Time at Station Four Factor F 

The design for the noise variables is shown in Table 5.4. Plus and minns signs 
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Table 5.4: Two-Level Fractional Factorial Design Generators I = ABO, I = ACE, I = 

BCF 

A B C 0 E F 
- - - + + + 
+ - - - - + 
- + - - + -
+ + - + - -
- - + + - -
+ - + - + -
- + + - - + 
+ + + + + + 

Table 5.5: Experimental Design for Noise Variables 

Noise Condition 
1: 0.4 4.0 4.0 6.5 7.0 8.5 
2: 0.6 4.0 4.0 4.5 5.0 8.5 
3: 0.4 6.0 4.0 4.5 7.0 6.5 
4: 0.6 6.0 4.0 6.5 5.0 6.5 
5: 0.4 4.0 6.0 6.5 5.0 6.5 
6: 0.6 4.0 6.0 4.5 7.0 6.5 
7: 0.4 6.0 6.0 4.5 5.0 8.5 
8: 0.6 6.0 6.0 6.5 7.0 8.5 

are used to represent the high and low levels, respectively, of the noise variables. This 

experimental design is a two-level fractional factorial design whose generators are I = 

ABO, I = ACE, and I = BCF. 

Table 5.5 displays the experimental designs generated for the uncontrollable or 

noise variables, with the actual levels of the noise variables indicated. 

The code for the simulation program and a sample of the experimental frames 

for the machine maintenance model can be found in Appendix C (the remainder of 
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the code is available). The simulation program is written in SIMAN. The "model file" 

contains the process logic representing part flow in the jobshop. The "experimental frame 

file" contains the input parameters that distinguish one experimental run from another. 

For example, the experimental frame contains the number of machines and transporters 

available for a single run of the simulation as well as input probability distributions and 

their corresponding parameters values. 

The experimental design plan for the machine maintenance model is displayed in 

Table 5.6. The top portion of the table consisting of eight columns is the experimental 

design constructed for the noise variables. Each column represents a particular noise 

condition. The nine rows in the left-hand portion of the table represent nine different 

system designs. Each system design will be run under each of the eight sets of noise 

conditions. 

For example, system design one (3 3 4 3 1 spt) represents the jobshop with three 

machines at station one, three machines at station two, four machines at station three, 

three machines at station four, one transporter, and the spt queue discipline. This jobshop 

configuration will be run under each noise condition. The first time this system design is 

simulated, five replicates will be run in which the input parameters will be the following: 

a probability of 0.4 that an incoming part is a type one part, a mean interarrival time of 

4 minutes, and mean processing times of 4, 6.5, 7.0, and 8.5 minutes at stations 1, 2, 3, 

and 4, respectively. The next five replicates of system design one will include the values 

of the input parameters indicated in column two, etc. 

The blank spaces in the table will be filled in during the optimization stage. This 

table represents the experimental data collection plan only. It does not indicate the 

perfonnance measures that will be observed for the purposes of optimization. Each system 

design under each noise condition will produce realizations of the perfonnance measures 
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Table 5.6: Schematic of the Experimental Design Plan for the Machine Maintenance 

Model 

1: 2: 3: 4: 5: 6: 7: 8: 

0.4 0.6 0.4 0.6 0.4 0.6 0.4 0.6 

4.0 4.0 6.0 6.0 4.0 4.0 6.0 6.0 

4.0 4.0 4.0 4.0 6.0 6.0 6.0 6.0 

6.5 4.5 4.5 6.5 6.5 4.5 4.5 6.5 

7.0 5.0 7.0 5.0 5.0 7.0 5.0 7.0 

ABCDEF 8.5 8.5 6.5 6.5 6.5 6.5 8.5 8.5 

1: 3 343 1 spt Z«(}l) 

2: 1 3 4 5 2 spt Z«(}2) 

3: 3 1 4 5 1 fifo Z«(}3) 

4: 1 1 4 3 2 fifo Z«(}4) 

5: 3 3 2 3 2 fifo Z«(}5) 

6: 1 3 2 5 1 fifo Z«(}6) 

7: 3 1 2 5 2 spt Z«(}7) 

8: 1 1 2 3 1 spt Z«(}8) 

9: 2 2 3 4 2 spt Z(09) 
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average time in system and average weekly throughput. Performance statistics can be 

constructed to evaluate and optimize system performance. The performance statistics are 

represented in the table by Z(B), which is a vector-valued function of, for example, the 

mean and the variance of average time in system calculated over the noise conditions. 

The goal of our proposed experimental design and analysis strategy is to find robust 

system designs. Intuitively, a robust system design is a system design whose performance 

does not deteriorate if uncontrollable changes (noise) occur in the system's environment. 

In other words, a robust system design is a reliable system design. 

Within the context of the jobshop, the performance of the jobshop may deteriorate 

if, for example, mean interarrival times and mean processing times deviate from the values 

used to represent these parameters in the model of the jobshop. To find a robust system, 

a system design must be found for which the performance measures (such as average 

time in system and average weekly throughput) are not highly variable or sensitive to 

changes in the values of the input parameters. Hence, one performance statistic we are 

interested in investigated is the variance of average time in system (and average weekly 

throughput) calculated over the set of noise conditions represented in the experimental 

design plan. 

In the next chapter, our optimization strategy will be presented. The performance 

statistics used to find robust system designs will be discussed in detail then. 

5.3 The Machine Failure Model 

For the second model to be investigated, machine breakdowns occur. Each machine 

at each machine station is operational for an exponentially distributed amount I)f time 
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before breaking down. When a machine fails, it is out of operation for a unifonnly 

distributed amount of time during which it is being repaired. Each part type in the 

machine failure model visits all four machine stations. The actual part sequencing within 

the second model, however, is different for part types one and two. Also, the input 

parameter settings or levels of the noise variables for the machine failure model are 

different from those for the machine maintenar.ce model. The parameters associated with 

machine uptime and downtime will be treated as noise variables in the machine failure 

model. Therefore, there will be eight noise variables in the machine failure model as 

opposed to six in the machine maintenance model. 

5.3.1 Reverse Simulation Discussion· Machine Failure Model 

Initially the reverse simulation technique was employed in the machine failure model. 

The computer code for the simulation model, the experimental frame, and the expert 

system can be found in Appendix E. The system operating conditions that need to be 

satisfied for this model are the same as those for the machine maintenace model, i.e., they 

are associated with queue lengths and machine station and transporter utilizations. The 

constraints reflected in the rules of the expert system, thus, are related to queue lengths 

and resource utilization. In the expert system for the machine failure model, however, 

there are two additional rule sets. One rule set is associated with machine breakdowns 

and the other rule set is associated with the completion of a machine repair. 

If a machine is scheduled to fail at a particular station and there are no idle machines 

at that station, then a new machine is added to the station. The new machine enters a 

repair state immediately. If there are idle machines at the machine station for which a 

machine failure is scheduled to occur, then one of the idle machines begins repair service. 

When a failed machine has finished being repaired, if there are no idle machines at that 
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machine station, then the repaired machine becomes idle and may begin servicing a part 

in queue if the queue is not empty. If there are idle machines at the machine station 

of the newly repaired machine, then the newly repaired machine is removed from that 

machine station and the machine capacity decreases by one. 

The experimental frame contains the input parameter values, the part sequencing, 

and the handling of machine failure. The infonnation associated with machine failure for 

the machine failure model will thus be found in the experimental frame of the computer 

code for the reverse simulation technique. 

The actual system constraints in the rules of the expert system related to queue 

lengths and resource utilizations for both the machine maintenance model and the machine 

failure model are identical. Thus, the discussion of the implementation of the reverse 

simulation technique for the machine maintenace model in Section 5.2.1 is apropos for 

the machine failure model with the exception of the two additional rule sets associated 

with machine failure and machine repair. 

5.3.1.1 Reverse Simulation Results· the Machine Failure Model 

Six replicates of the reverse simulation technique were run for the machine maintenance 

model, three in which queue discipline was spt and three in which it was fifo. The 

transient period and the simulation run length detennined in the second pilot experiment 

were used. That is, each simulation was run for ten weeks and the observations from the 

first two weeks were deleted. 

The results from implementing the reverse simulation technique for the machine 

failure model are shown in Table 5.7. The type of output produced is essentially the same 

as that described for the machine maintenance model. That is, the output will contain the 
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Table 5.7: Results from Reverse Simulation Model 2: Machine Breakdowns Occur 

Station 1 Station 2 Station 3 Station 4 Transporters 
Average: 3.06 Average: 3.31 Average: 3.31 Average: 4.34 Average: 2.57 
Maximum: 11.50 Maximum: 11.l7 Maximum: 12.17 Maximum: 13.83 Maximum: 4.00 
% 1: 17.88 % 1: 13.49 % 1: 14.93 % 1: 5.95 % 1: 5.10 
% 2: 23.71 % 2: 20.25 % 2: 20.65 %2:11.45 % 2: 25.41 
% 3: 23.67 % 3: 24.19 % 3: 23.36 % 3: 18.44 % 3: 65.68 
% 4: 17.04 % 4: 19.24 % 4: 17.12 % 4: 20.50 %4: 3.79 J 
% 5: 12.71 % 5: 21.87 % 5: 22.48 % 5: 17.76 % 5: 0.00 
% > 6: 4.99 % > 6: 0.95 % > 6: 1.46 % > 6: 25.91 % > 6: 0.00. 

average number of machines and transporters required, the maximum number of machines 

and transporters required, and a distribution for the amount of time in which i machines 

and transporters were required, where i = 1,2, ... , Alma;c. The numbers displayed in the 

table are averages of these measures calculated over six replicates of the simulation. 

For the machine failure model, AJma;c was six. The percentage of time in which 

more than six machines or transporters were required was negligible. Thus, this amount 

of time was lumped into one category (% 2: 6). 

From Table 5.7 it can be seen, for example, that on average, 3 transporters were 

needed 65.6% of the time, and 22.4% of the time 5 machines were required at station 

three. 

As was mentioned earlier, the levels for the controllable variables that are selected 

based on the results of the reverse simulation technique depend upon the particular ex

perimental design selected to construct system designs. For example, if two-level system 

designs are to be used then the numbers of each resource that were required for the 

majority of simulated time might be of interest, For example, at station one, 2 and 3 

machines were required for the longest period of time relative to the percentage of time 

in which 1, 4, or 5 or more machines were required. Two machiens were required for 
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23.7% of the time and three machines were required for 23.6% of the time. ll1Us, the 

number of machines at station one could be selected such that the low level is two and 

the high level is three. 

Another approach might be to look at a cumulative distribution. The high level 

might be selected based on the maximwn. number of resources, x, needed for at least 

a specified percentage of simulated time. For example, suppose the high level x was 

chosen such that x or fewer machines were required at least 70% of the time. For station 

four, then, the high level selected would be 5 machines since the percentage of time in 

which 5 or fewer machines were required at station four was approximately 74%. 

The constraint we imposed on the selection of the controllable variable levels was 

to choose the high level to be x, such that the percentage of time in which x or fewer 

machines or transporters were required is at least equal to 80%. The low levels of the 

controllable variables were selected to accommodate a center point system design. For 

example, for machine station one, four or fewer machines were required 82% of the 

time. Thus, 4 was selected as the high level of B\. In order to accommodate a center 

point system design, 2 was selected as the low level of B\. The one exception to this 

selection constraint was the selection of the number of transporters. Since 2 transporters 

were needed for 25% of the time ~d 3 transporters were needed for 65% of the time, we 

decided to use 3 as the high level and 2 as the low level for the number of transporters. 

In summary, based on the results of the implementation of the reverse simulation 

technique for the machine failure model, the following levels of the controllabie variables 

(B\, B2 , ... , B6) will be used for constructing system designs and finding an optimum system 

design. 

1. Number of machines at machine station one: 2, 4 
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2. Number of machines at machine station two: 3, 5 

3. Number of machines at machine station three: 3, 5 

4. Number of machines at machine station four: 4, 6 

5. Number of transporters: 2, 3 

6. Queue disciplines: spt, fifo 

5.3.2 Experimental Design • Machine Failure iVlodel 

The levels of the controllable variables deterimined by implementing the reverse simu

lation technique in the previous section will now be used to construct an experimental 

design plan. After the system designs and the noise condition designs have been con

structed, the complete experimental design plan for conducting simulation experiments 

for the machine failure model will be presented. 

The same predictive model form assumed for the machine maintenance model 

is assumed for the machine failure model. The model of the relationship between a 

particular performance measure, such as average time in system, to the controllable 

variables is E(Y) = (30 + (3l x l + (32 x 2 + ... + (36X6. 

To estimate the parameters «(3' s) in such a model, several data collection plans 

could be used. A resolution I I I two-factor fractional factorial design allows the model 

parameters to be estimated. If a model involving second order interactions were to be 

entertained, either a resolution IV design or a full factorial design could be used. 
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5.3.2.1 System Designs Generated - Machine Failure Model 

For the machine failure model, fractional factorial designs from the 2~if series would 

allow the parameters ({3's) of the assumed predictive model to be estimated. Thus, 21/J 
fractional factorial designs were used to construct the system designs for the controllable 

variables. To reduce the number of noise columns, however, we decided to use a Plackett

Bunnan design to construct the design for the uncontrollable variables. For the machine 

failure model, there are eight noise variables. If a fractional factorial design were used 

to generate the noise design, a 2~V4 design requiring sixteen runs would be the smallest 

design that could be generated. Plackett-Burman designs are two-level fractional factorial 

designs. They allow the analyst to study k = N - 1 variables in N runs, where N is a 

multiple of 4. For the noise variables, a Plackett-Bunnan design was constructed for N 

= 12, k = 8, pennitting a reduction in the number of noise columns from 16 to 12. 

For the controllable variables, a 2~IJ design was constructed. The one-eighth 

fraction that was used for the simulation experiments is demonstrated in Table 5.8, a 

table of pluses and minuses (a plus indicates the factor is set at its high level and a minus 

indicates the factor is set at its low level). The design generators are I - -ABO, I = 

-ACD, and I = -BCF, where I is referred to as the identity element. As was mentioned 

in Section 5.2.2.1, Montgomery [63] provides a discussion of how the alias structure of 

a fractional factorial design can be detennined for the design generators. 

Table 5.9 displays the eight system designs corresponding to the fractional factorial 

design in Table 5.8 for the controllable variables, indicating the actual settings of the 

controllable variables. Design 9 represents the center point system design that will be 

replicated four times. 
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Table 5.8: Two-Factor Fractional Factorial Design Generators I = -ABD, I = -ACE, I = 
-BCF 

A B C D E F 
+ + + - - -
- + + + + -
+ - + + - + 
- - + - + + 
+ + - - + + 
- + - + - + 
+ - - + + -
- - - - - -

Table 5.9: System Designs 

System Design 
1: 4 5 5 4 2 spt 
2: 2 5 5 6 3 spt 
3: 4 3 5 6 2 fifo 
4: 2 3 5 4 3 fifo 
5: 4 5 3 4 3 fifo 
6: 2 5 3 6 2 fifo 
7: 4 3 3 6 3 spt 
8: 2 3 3 4 2 spt 

II 9: I 3 4 4 5 2 spt 1/ 
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5.3.2.2 Designs Generated for Noise Variables - Machine Failure Model. 

Again, it is assumed that the levels for the noise variables were determined based on 

data collection. That is, it is assumed a systeITl similar to the one modeled in the 

machine failure model was observed and data were collected on interarrival times, part 

processing times, and machine breakdown and repair times. It is further assumed that 

input probability distributions were fit to the data collected and confidence intervals 

were constructed to estimate the parameters associated with each of the input probability 

distributions. Based on these assumptions, the following levels for the noise variables 

will be used to construct the noise design. 

The levels for the probability an incoming part is a type one part (WI) are 0.4 and 

0.6. The mean interarrival time (W2) levels are 3.5 and 5.5 minutes. The mean processing 

time (W3) levels are 5.0 and 7.0 minutes at station one. The mean processing time (W4) 

levels are 5.5 and 7.5 at station two. The levels for mean processing times at stations 

three (ws) and four (W6) are 5.5 and 7.5 minutes and 7.5 and 9.5 minutes, respectively. 

The levels for mean time to failure (W7) are 1440 and 2400 minutes and the levels for 

minimum repair time (ws) are 90 and 120 minutes. 

The relationship between the notation for noise variables and letters used to repre

sent factors is shown in the following chart. 
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Table 5.10: Plackett-Bunnan Design for N = 12, k = 8 

A B C D E F G H 
+ - - - + + + -
- + - - - + + + 
+ - + - - - + + 
+ + - + - - - + 
- + + - + - - -
+ - + + - + - -
+ + - + + - + -
+ + + - + + - + 
- + + + - -I- + -
- - + + + - + + 
- - - + + + - + 
- - - - - - - -

Noise Variable Factor 
WI: Probability a Prut is Type One Factor A 
W2: Mean Interarrival Time Factor B 
W3: Mean Processing Time at Station One Factor C 
W4: Mean Processing Time at Station Two Factor D 
Ws: Mean Processing Time at Station Three Factor E 
W6: Mean Processing Time at Station Four Factor F 
W7: Mean Machine Uptime Factor G 
Ws: Minimum Machine Repair Time Factor H 

The design for N = 12 runs and k = 8 factors for the noise variables is shown with 

pluses and minuses in Table 5.10. Plus and minus signs are used to represent the high 

and low levels, respectively, of the noise variables. 

Table 5.11 displays the experimental designs generated for the uncontrollable or 

noise variables, with the actual levels of the noise variables indicated. 

The code for the simulation model and a sample experimental frame containing 
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Table 5.11: Experimental Design for Noise Variables 

Noise Condition 
1: 0.6 3.5 5.0 5.5 7.5 9.5 2400.0 90.0 
2: 0.4 5.5 5.0 5.5 5.5 9.5 2400.0 120.0 
3: 0.6 3.5 7.0 5.5 5.5 7.5 2400.0 120.0 
4: 0.6 5.5 5.0 7.5 5.5 7.5 1440.0 120.0 
5: 0.4 5.5 7.0 5.5 7.5 7.5 1440.0 90.0 
6: 0.6 3.5 7.0 7.5 5.5 9.5 1440.0 90.0 
7: 0.6 5.5 5.0 7.5 7.5 7.5 2400.0 90.0 
8: 0.6 5.5 7.0 5.5 7.5 9.5 1440.0 120.0 
9: 0.4 5.5 7.0 7.5 5.5 9.5 2400.0 90.0 

10: 0.4 3.5 7.0 7.5 7.5 7.5 2400.0 120.0 
11: 0.4 3.5 5.0 7.5 7.5 9.5 1440.0 120.0 
12: 0.4 3.5 5.0 5.5 5.5 7.5 1440.0 90.0 

the input variables can be found in Appendix F (the remainder of the code is available). 

The simulation program is written in SIMAN. The "model file" contains the process 

logic representing part flow in the jobshop. The experimental frame file" contains all the 

input parameters, the number of machines and transporters for each run and the control 

structures for handling machine breakdowns and repairs. 

The schematic for the experimental layout for the machine failure model is dis

played in Table 5.12. The top portion of the table consisting of twelve columns is the 

experimental design constructed for the noise variables. Each column represents a par

ticular noise condition. The nine rows in the left-hand portion of the table represent nine 

different system designs. Each system design will be run under each of the twelve sets 

of noise conditions. 

For example, system design one (4 5 5 4 2 spt) represents the jobshop with four 

machines at station one, five machines at station two, five machines at station three, four 

machines at station four, two transporters, and the spt queue discipline. This jobshop 
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configuration will be run under each noise condition. The first time it is simulated, 

five replicates of this system design will be run in which the input parameters will be 

the following: a probability of 0.6 than an incoming part is a type one part, a mean 

interarrival time of 3.5 minutes, mean processing times of 5, 5.5, 7.5, and 9.5 minutes 

at stations 1, 2, 3, and 4, respectively, a mean machine uptime of 2400 minutes and a 

minimum machine downtime of 90 minutes. 

The blank spaces in the table will be filled in during the optimization stage. Table 

5.12 represents the data collection plan only. It does not indicate the performance mea

sures that will be observed for purposes of optimization. Both primary and secondary 

measures will be observed but the primary measures will be used for optimization pur

poses. The two primary performance measures are average time in system and average 

weekly throughput. Thus, each system design under each noise condition will produce 

realizations of these two measures. 

As was mentioned in Section 5.2.2.1 for the machine maintenance model, the 

goal of our pro?osed experimental design and analysis strategy is to find robust system 

designs. Hence, for the machine failure model we will again search for a robust system 

design. One of the performance statistics that will be calculated (Z(B)' s) will be the 

variance of average time in system and the variance of the average weekly throughput 

over the noise conditions. A robust system design will be a system design that is not 

sensitive to changes in the input parameters. Thus, a robust system design is one that has 

a minimum variance with respect to system performance measures over the set of noise 

conditions. Optimization issues and performance statistics will be discussed in detail in 

Chapter 6. Also in Chapter 6, the output data for the machine maintenance model and 

the machine failure model will be presented as well as the optimization procedures that 

were performed for both models. 
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Table 5.12: Schematic of the Experimental Design Plan for the Machine Failure Model 

0.6 U.4 0.6 U.6 0.4 0.6 0.6 0.6 0.4 0.4 0.4 U.4 
3.5 S.S 3.5 S.S S.5 l.S S.S S.S S.S l.S 3.5 3.S 
S.o S.O 7.0 S.O 7.0 7.0 S.O 7.0 7.0 7.0 S.O S.O 
S.5 S.5 S.S 7.S S.5 7.S 7.5 S.S 7.S 7.S 7.5 5.S 
7.5 5.5 S.5 S.5 7.5 5.S 7.5 7.S 5.5 7.5 7.5 S.S 
9.5 9.5 7.S 7.5 7.5 9.S 7.5 9.5 9.5 7.5 9.5 7.5 

2400 UOO 2400 1440 l.uo 14010 2400 1400 2400 2400 14010 14010 
ABCDEF 90 120 120 120 90 90 90 120 90 120 t20 90 

t: 45542.pt Z(~I) 

2: 2 S S 6 3 .pt Z(~) 

3: 43562 nfo Z(lh 

4: 23543 nfo Z(94 ) 

S: 4S34JIlfo Z(~) 

6: 2 S 3 6 2 nfo Z(96 ) 

7: 4 J J 6 3 .pc Z(1/7) 

D: 2 3 3 4 l .pt Z(98 ) 

9: J " J 5 l .pc Z(tI~) 
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Chapter 6 

OUTPUT DATA ,,;\iD ANALYSIS 

6.1 Introduction 

In this Chapter, the output data from the simulations run for the two models described 

in Chapter 5 will be presented. The analyses performed on the output data will also be 

described and a discussion and interpretation of the analyses will be included. TIle data 

from each model were analyzed for two separate objective functions: minimizing the 

average time in the system and maximizing the average weekly throughput. 

For both models and both objectives, two analyses were performed. The first 

analysis involves observing the average effect of each combination of settings of the 

controllable variables on the variance and the mean of a particular performance measure 

over the noise space. For this "expected performance analysis", the variability of a per

formance measure over all of the noise conditions for each system design was observed. 

For a particular system design, certain cell variances (the variance of a performance 

measure over the five replicates run for a specific noise condition) may be high while 

other cell variances may be low. The high and low cell variances were averaged into the 

total variance calculation for each system design in the expected performance analysis. 
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The calculation for the variance of a performance measure over all the noise conditions 

reflects the variability expected if each noise condition is equally likely to occur. 

The second analysis investigates a worst case scenario. In this analysis, for each 

combination of settings of the controllable variables, the ma"ci.mum cell variance was 

observed as well as the grand mean calculated over the noise space. By observing 

maximum cell variances, worst case situations can be identified. Since the certainty of 

anyone noise condition occuring in reality is unknown, a worst case analysis assumes 

the noise condition that causes the greatest variability in the performance measures can 

occur. Minimizing the maximum cell variances can guard against the worst performance 

that can be expected for each system design. Thus, the combination of settings of the 

controllable variables that both minimizes the maximum cell variance and optimizes the 

mean will be considered the best system design for the worst performance analysis. Both 

of these analyses will be discussed in more detail in the next section 

For both the expected performance analysis and the worst performance analysis, 

both informal and formal analyses were conducted. Yates' algorithm was employed 

initially for each response that was observed. The three responses observed for each 

performance measure were the grand mean over all the noise conditions, the variance over 

all the noise conditions and the maximum cell variance. The results of Yates' algorithm 

were used to determine effect estimates and contrasts. For the informal analysis, the effect 

estimates were plotted on normal probability paper. The contrasts were used to determine 

sums of squares for effects in the formal analysis of variance that was performed for each 

response. 

The informal analyses that were conducted consist of normal probability plots and 

effect graphs. The normal probability plots indicate which controllable variables are 

significant with respect to a specified response. When plotting data (such as estimates 
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Table 6.1: Analysis Plan 

Models: Modell: Machine Maintenance Model 
Model 2: Machine Failure Model 

Objectives: Objective 1: Minimize Average Time in the System 
Objective 2: Maximize Average Weekly Throughput 

Analyses: Expected Perfonnance Analysis: 
1 = Response 1: In(S-), Response 2: Y 

Worst Perfonnance Analysis: 
.., = 

Response 1: In[max(S-)], Response 2: Y 
Infonnal Analyses: Nonnal Probability Plots and 

Effect Graphs 
Fonnal Analyses: ANOVA 

of effects) on normal probability paper, data from the same normal distribution appear 

to fall along a straight line. The effect estimates that are negligible are approximately 

nonnally distributed with a mean of zero and a variance of rr. These effects tend to fall 

along a straight line on the plot passing through zero. Significant effect estimates are 

approximately normal with nonzero means. Thus, significant effect estimates will not lie 

on the same line as the non-significant effects since the significant effects have means 

that are not close to zero. 

The effect graphs show the change in an averaged response as a controllable vari

able is altered from its low setting to its high setting. If a factor is significant, a significant 

increase (or decrease) in the response will occur as the factor is altered from its high 

to its low setting. This increase (or decrease) is apparent on the effect graph for this 

factor. If a factor is not significant, little or no change in response will be displayed on 

the graph. Effect graphs are useful not only for observing which factors are significnat, 

but also for observing at which setting (high or low) significant factors produce the most 

desirable value for the response. 
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For the sake of completeness a formal ANOVA was also performed on the output 

data. The assumption of constant variance necessary for ANOVA may be violated for 

the models in this study but a formal analysis was performed nevertheless to determine 

whether the results from the informal and formal analyses were consistent with one 

another. An overview of the analysis plan is depicted in Table 6.1. 

6.2 Discussion of the Expected Performance Analysis and the \Vorst Performance 

Analysis 

One of the advantages of employing the design and analysis procedure proposed in this 

document is that, in addition to being able to find robust system designs, several different 

analyses may be performed. The type of analysis performed depends upon assumptions 

the analyst makes about the random components in the model. The random components 

in the model reflect the probabilistic aspects of the system such as interarrival times and 

service times. As was mentioned earlier, system noise is the collection of uncontrol

lable variables that affects system performance. For a stochastic simulation model, this 

collection of uncontrollable variables (or system noise) is the set of parameters for each 

of the input probability distributions governing the random components in the model. 

Different types of analyses can be performed depending upon the analyst's assumptions 

about system noise. 

System noise may be viewed from either a static or a dynamic perspective. It may 

be assumed that a static, unknown distribution exists for each of the random components 

in the model. The true parameters for these distributions are also assumed to be static. 

For example, it may be assumed that in reality there is a true distribution for interarrival 

times. From the static perspective this implies that the estimate or, as in our procedure, 

the range of estimates for the mean interarrival time are estimates of the true mean 
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interarrival time. From the dynamic perspective it may be assumed that the distributions 

for the random components in the model change with time. For example, the mean 

interarrival time may change over time as the system adjusts to exogenous pressures. 

The development of flexible systems such as flexible manufacturing systems has been 

motivated by this notion. In this sense the estimates of the parameters of the random 

components of the model are estimates of possible or expected values that the parameters 

of the input probability distributions may assume. 

If the noise conditions used in the simulation experiments are carefully selected 

and each noise condition is equally likely to occur, then the average or expected system 

performance over the selected set of noise conditions may be of interest. If the noise 

conditions have been selected somewhat arbitrarily to reflect a dynamic system environ

ment, then the likelihood of each noise condition is unknown. If this is the case, it may 

be desired to guard against the worst case. 

The analysis referred to as the expected performance analysis was performed to 

investigate the expected or average system performance. For this analysis it is assumed 

that each noise condition is equally likely to occur. The analysis referred to as the worst 

perfonnance analysis was performed to investigate the worst case system performance. 

For this analysis, no assumption is required regarding the likelihood of each noise con

dition. The following sections discuss the simulation output data and the results from 

these two analysis scenarios. 

6.3 Machine Maintenance Model - Objective: Minimize Average Time in System 

For the objective of minimizing the average time in the system associated with the ma

chine maintenance model, the following sections will include: the output data, informal 
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analyses (nonnal probability plots and effect graphs) for both the expected perfonnance 

analysis and the worst perfonnance analysis, and a fonnal analysis (ANOVA) for both the 

expected perfonnance analysis and the worst performance analysis. The analyses were 

performed on the responses In(S2), In[ma.,,<(S2)]. and Y. The sample variance was not 

used directly because the distribution for this measure is not nonnal and, thus, violates 

the assumption of nonnality. The natural logorithm of the sample variance, however, 

tends to be approximately nonnally distributed. 

6.3.1 Output Data 

Table 6.2 displays the output data for the machine maintenance model in which the 

performance measure was average time in the system. Each system design under each 

noise condition produced five realizations of this measure. The measure average time 

in system, ylJ, is the average time spent in the system (the job shop) for all jobs that 

completed processing during the execution of the simulation model for weeks two through 

ten. 

The first entry in each cell of the table represents the average time in the system 

calculated over five replicates. That is, the first entry in each cell is Y = 2:;=1 },/J /5. 

The second entry in each cell is the sample variance of tIus measure over each of the 

five replicates. That is, the second entry in each cell is S2lJ = 2:;=1 CYjlJ - y)2/4. The 

value for this measure which is the maximum sample variance for each system design is 

indicated with an asterisk. 

For each system design, three performance statistics were calculated. The last 

entries in each row of the table are the three performance statistics. The first statis

tic, ZmCa I ), is the sample mean of the perfonnance measure average time in the sys-
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Table 6.2: Schematic for System Designs - Machine Maintenance Model - Performance 

Measure (Y): Average Time in the System 

I: 2: 3 : 4 : 5 : 6: 7: 8 : 
0'-' 0.6 0'-' 0.6 0'-' 0.6 0'-' 0.6 
4.0 4.0 6.0 6.0 4.0 4.0 6.0 6.0 
4.0 4.0 4.0 4.0 6.0 6.0 6.0 6.0 
6.5 4.5 4.5 6.5 6.5 45 4.5 6.5 
7.0 5.0 7.0 5.0 5.0 7.0 5.0 7.0 

ABCDEF 8.5 8.5 6.5 6.5 6.5 65 8.5 8.5 

I : 3343lspt 39.4 35.3 30.7 29.4 33.9 35.1 31.9 34.8 Z",(e }= 33.79 
0.111" 0.085 0,018 0.019 0.021 0.058 0.030 0.028 z.(e l }=2.1974 

Zrntl,,(e l }=2.19823 
2 : 13452~pt 30.6 28.2 25.2 27.1 28.4 39.6 26.7 31.9 Zrn(e2}= 30.37 

0.030 0.027 0.007 0.049 0.075 1.688 ' 0.025 0.069 z.(ez)=3.-.778 
Zm, • ..,(e2}=o.52328 

3 : 31451JiJo 157'-' 34.4 32.6 29.9 214.7 35.7 33.4 36.0 Z",(eJ )=71.76 
4685. 0.060 0.052 0.016 15245' 0.031 0.080 0.132 z.(eJ ) =8.8137 

Z"'tl,,{eJ )=9.63207 
4: I 1432JiJo 223.4 36.4 28.2 30.2 203.8 63.7 29.4 37.5 Z",{e4 }=81.56 

15965 0.566 0.092 0.116 18879' 42.15 0.039 0.058 z.(e4 )=9.1779 
Z mtl,,(e4 }=9.84581 

5 : 33232JiJo 58.7 34.3 28.8 24.8 31.4 52.8 27.6 33.5 z".(es}=36.50 
2.328 0.214 0.098 0.454 0.049 76.16' 0.017 0.671 Z.(tJS}=4.92776 

Z IILtl"( eS }=3.248 
6 : 13251JiJo 62.7 40.0 34.5 35.9 39.9 90.5 33.9 43.5 Z",(e6 )=47.62 

2.328 0.214 0.098 0.454 0.049 76.16' 0.017 0.671 z.(e6 )=5.86835 
Z"'tl,,(e6 }=4.33289 

7 : 31252~pt 725 29.0 28.8 24.9 63.0 38.0 28.0 32.6 Z",(e7}=39.61 
195.2 0.062 0.101 0.017 240.2' 0.200 0.029 0.1 \0 Z.(97)=5.81325 

Z".tl,,(97}=5.48 1J9 
8 : 11231~pt 84.8 41.3 35.4 34.7 66.2 57.9 35.8 42.3 Z",(98}=49.80 

158.6' 0.181 0.064 0.073 30.16 2.826 0.029 0.076 z.(eg)=5.76119 
Z"".AeR)=5.06666 

=1 
tern calculated over the noise space for system design I, (Y). The calculation for 

-[ 
Zm(f)I) is Y = [L~=t L;=I }'jlJ]/40, for each I. The second statistic, Zv((}I), is the 

natural logarithm of the sample variance of the performance measure average time ill 

the system calculated over the noise space for system design I. The calculation for 

Zv(OI) is the natural logarithm of the sample variance, where the sample variance is 
=l 

S2 = [L~=I L;=IO'jIJ - y )2]/39, for each I. The third statistic, Zma;I!(OI), is the natural 

logarithm of the maximwn cell sample variance for system design I. The calculation for 

Zma;I!(OI) is In[max(S2
lJ

)], where S2
IJ = L;=tO}J - y)2/4. 
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From the data in Table 6.2 it is apparent that some system designs are very sensitive 

to changes in the settings of the noise variables, while other system designs are not. For 

example, the average time in the system for system design three ranges from 32.6 minutes 

to 214.7 minutes. The average time in the system for system design four ranges from 

28.2 minutes to 223.4 minutes. In contrast, system designs one and two do not appear to 

be as sensitive to changes in the settings of the noise variables. For example, the range 

of values for average time in the system for system design one is between 29.4 and 39.5 

minutes and the range for system design two is between 27.1 minutes and 39.6 minutes. 

It should also be noted that, under the traditional method of designing and analyzing 

simulation experiments, different system designs would be deemed as best for different 

sets of noise conditions. For example, if noise set one had been used under the traditional 

approach, configuration two appears to generate the smallest average time in the system 

among all the system designs. However, if noise set four had been used, configuration five 

generates the smallest average time in system. Of course, the values displayed are only 

means and an informal assessment is not sufficient for determining significant differences 

in system designs, but, from the raw data it is apparent that some of the system designs 

are highly sensitive to the values of the noise variables while others are not. 

6.3.2 Expected Performance Analysis for Average Time in the System for the Ma

chine Maintenance Model 

For the average time in the system performance measure for the machine maintenance 

model, both informal and formal analyses were conducted to investigate the average 

system performance with respect to this measure. The analyses were performed on the 

In(S2) and Y responses, where Y in this instance refers to average time in the system. 
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6.3.3 Informal Analyses 

The overall objective of the analyses is to find which controllable variables affect the 

dispersion or the variance of the performance measure (and possibly also the mean) and 

which controllable variables affect the mean only. During the optimization phase, a search 

is made for a system design that minimizes the variance of a performance measure over 

the noise conditions and optimizes the mean. Such a system design is a robust system 

design. Thus, the objective at this stage is to find which controllable variables affect 

the variance and the settings at which these controllable variables minimize the variance. 

With the controllable variables which affect the variance set at the levels which minimize 

the variance, the controllable variables that affect the mean will be moved on target to 

optimize the mean. 

Initially, we accomplished this objective through an informal analysis of the output 

data. The informal analysis consisted of using normal probability plots [see Montgomery, 

63] to determine which controllable variables were significant with respect to first, the 

variance (S2), and second, the mean (Y). When the ordered effects are plotted on normal 

probability paper, the small, non-significant effects lie approximately along a straight 

line while the large effects appear as outliers, far from the line. In addition, the informal 

analysis also consisted of inspecting effect graphs. The effect graphs show the average 

change in response as each controllable variable is altered from its high setting (+) to its 

low setting (-). The responses for the expected performance analysis are In(S2) and Y. 

6.3.3.1 Normal Probablitiy Plots 

The normal probability plots for the 1n(S2) and }'- responses for the performance measure 

average time in system are shown in Figures 6.1 and 6.2, respectively. The ordered effects 
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Table 6.3: Ordered Effects - In(S2) Response for Average Tune in the System 

Order(j) Effect Estimate (j-.5)/7 
7 F 2.88454 0.92857 
6 D 0.47721 0.78571 
5 C 0.32409 0.64286 
4 E 0.18902 0.50000 
3 AF 0.01912 0.35714 
2 A -0.63329 0.21429 
1 B -3.27371 0.07143 

Table 6.4: Ordered Effects - Y Response for Average Time in the System 

Order(j) Effect Estimate U-·5)/7 
7 F 20.96717 0.92857 
6 C 10.98925 0.78571 
5 AF 3.53746 0.64286 
4 D -3.07517 0.50000 
3 E -3.73333 0.35714 
2 A -6.92500 0.21429 
1 B -23.61354 0.07143 

that were plotted on normal probability paper are shown in Tables 6.3 and 6.4. The effect 

estimates were calculated using Yates' algorithm [63]. The results from applying Yates' 

algorithm to the IneS2) response for the performance measure of average time in system 

are displayed in Table 6.5 and those for the Y response are found in Table 6.8. 

From examining Figure 6.1, the normal probability plot for the In(S2) response, 

it appears that the controllable variables B and F are significant with respect to the 

variance of the average time in the system performance measure. Figure 6.2, the normal 

probability plot for the second response, }", is less conclusive. The controllable variables 

A, B, C, and F are possibly significant with respect to the expected average time in the 

system. A more formal analysis is required, however. 
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Figure 6.1: Normal Probability Plot for In(S:!) for Average Time m System - Machine 

Maintenance Model 
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Figure 6.2: Nonnal Probability Plot for Y for Average Time in the System - Machine 

Maintenance Model 
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In summary, the nonnal probability plots indicate that factors B and F appear 

significant with respect to the variance and possibly also the mean of the average time in 

the system perfonnance measure. Factors A and C are marginally significant with respect 

to the mean only. Factors D and E appear insignificant with respect to both the variance 

and the mean of the average time in the system perfonnance measure. 

6.3.3.2 Effect Graphs 

Figure 6.3 contains the effect graphs for the In(S2) response and Figure 6.4 displays the 

effect graphs for the Y response for the average time in the system perfonnance measure. 

From Figure 6.3 it appears that factors B and F significantly affect the variance of 

the average time in the system. Factor B minimizes the variance when it is at its high 

setting and factor F minimizes the variance when it is at its low setting. These results 

are consistent with those of the nonnal probability plots. For the job shop problem this 

means that to minimize the variance of the average time a part spends in the job shop, 

the number of machines at station two should be set at three and the queue discipline 

should be set at shortest processing time (spt). Factor A may also have an impact on 

lowering the variance as well. 

Figure 6.4 indicates that factors B and F also affect the mean time in system, as 

do factors A and C. Since factors B and F will be held at the settings which minimize 

the variance of average time in the system, this figure is useful in assessing the settings 

for factors A and C which will minimize the expected mean time in system. Factor A 

minimizes this mean when set at its high level and factor C minimizes the mean when 

set at its low level. Factor C is confounded with the BF interaction, however. Thus, the 

apparent significance of factor C could really be attributable to the BF interaction. Since 
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the mean time in system is minimized with factor C at its low level, it is not important 

whether factor C or the BF interaction is responsible for this significance. If the BF 

interaction were really responsible for this significance. then factor C would be set at its 

most economical (low) setting anyway. That is. the same conclusions would be drawn 

with respect to the optimal settings of each factor. Hence, for the job shop problem this 

means that to minimize the expected average time in system, the number of machines at 

station one should be set at three and the nwnber of machines at station three should be 

set at two. 

Factors 0 and E appear insignificant with respect to both the variance and the 

mean for average time in the system. Thus. they will be set at the levels which are most 

economical. For the job shop problem. then, the nwnber of machines at station four 

should be set at three and the number of transporter devices should be s~t at one. 

In summary, the infonnal analysis indicates that a good system design would be 

three machines at station one, three machines at station two, two machines at station three, 

three machines at station four, one transpol1er device. and the shortest processing time 

queue discipline. The following section presents the results from the formal analysis. 

6.3.-' Formal Analysis 

6.3.-'.1 Yates' Algorithm for the In(52) Response for Average Time in the S,Ystem 

Yates' algorithm was first applied to the output data for the In(S2) response for the average 

time in the system perfonnance measure. The column in Table 6.5 labeled (3) indicates 

the contrast for each factor. (The first entry in the column labeled (3) is always the sum 

of the data in the response column.) The contrasts will later be used to calculate the 
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Table 6.5: Yates' Algorithm for the 211J Fractional Factorial Design for the In(S2) 

Response for Average Time in the System 

Treatment Estimate of Effect 
Combination Response (1) (2) (3) 2 x (3)/26- 3 

(1) 5.76119 11.57444 22.37055 46.03746 11.50937 
a 5.81325 10.79611 23.66691 -2.53314 -0.63329 
b 5.86835 17.99170 -0.88853 -13.09482 -3.27371 
ab (d=-ab) 4.9276 5.67521 -1.64461 -1.90882 -0.47721 
c 9.17796 0.05206 -0.77833 1.29636 0.32409 
ac (e=-ac) 8.81374 -0.94059 -12.31649 -0.75608 -0.18902 
be (f=-bc) 3.47780 -0.36422 -0.99265 -11.53816 -2.88454 
abc 2.19741 -1.28039 -0.91617 0.07648 0.01912 

sum of squares for the analysis of variance. A discussion of contrasts can be found in 

Montgomery [63]. 

6.3.-1.2 Analysis of Variance for the In(S2) Response for the Average Time in the 

System 

The sums of squares for each of the effects was calculated by (contrast)2/26- 3, where 

the contrast is the calcualtion in the column labeled (3) in the table displaying the results 

from Yates' algorithm. To obtain a pure, unbiased estimate of error, four replicates of the 

following center point system design were run: (Design 9: 223 42 8pt). That is, for the 

center point system design there are two machines at station one, two machines at station 

two, three machines at station three, four machines at station four, two transporters and 

the spt queue discipline. 

Table 6.6 displays the output for each of the four replicates for this center point 

system design. The first entry in each cell is the average over five replicates of the measure 

average time in the system. That is, the first entry in each cell is Y = 2:;=1 }}J 15. The 
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second entry in each cell is the sample variance of this measure over each of the five 

replicates. That is, the second entry in each cell is S2
lJ = 2:;=IO'jlJ - y)2/4. The value 

for this measure which is the maximum sample variance for each replicate of the center 

point system design is indicated with an asterisk. 

For each replicate of the center point system design, three performance statistics 

were calculated. The last entries in each row of the table are the three performance 

statistics. The first statistic is Zm(B9), the sample mean of the average time in the system 

performance measure calculated over the noise conditions for each replicate of the center 

point system design. The calculation for Zm({j9) is Y = [L~=I 2:~=1 }'jlJ]/40, for each 

of the four replicates of the center point system design. The second statistic is Zv(B9), 

the natural logarithm of the sample variance of the performance measure average time 

in system calculated over the noise space for each replicate of the center point system 

design. The calculation for Zv(B9) is the natural logarithm of the sample variance, where 

the sample variance is S2 = [L~=I 2:;=IO}J - y)2]/39, for each of the four replicates. 

The third statistic is ZmaJ:(B9), the natural logarithm of the maximum cell variance for each 

replicate of the center point system design. The calculation for ZmaJ:(B9) is In[max(S2
IJ 

)]. 

h S21J = "'~ (}."/J _ }'")2/4 were L..]=I] . 

The sum of squares for error was then calculated by 2:;=10'£ - y)2, where }i is 

Zv(B?), for replicate i, i = 1,2,3,4 and Y is the average over the four replicates of 

Zv(B?). The four replicates yielded three degrees of freedom for error. It was discovered. 

however, that the variance at the center point was very low. Because of this, the F-ratios 

were inflated considerably. For the average time in the system measure, it appears the 

assumption of constant variance is violated. In light of this, the analysis of variance table 

does not contain the sum of squares for error, the mean squares, or the F-ratios. Instead, 

observations will be made with respect to the relative magnitude of the sums of squares 

associated with each effect. Table 6.7 displays the ANOVA results. 



206 

Table 6.6: Schematic for Center Point System Design - Machine Maintenance Model -

Performance Measure (Y): Average Time in the System 

I: 2 : 3 : 4: 5 : 6: 7 : 8 : 
004 0.6 0.4 0.6 0.4 0.6 0.4 0.6 
4.0 4.0 6.0 6.0 4.0 4.0 6.0 6.0 
4.0 4.0 4.0 4.0 6.0 6.0 6.0 6.0 
6.5 4.5 4.5 6.5 6.5 4.5 4.5 6.5 
7.0 5.0 7.0 5.0 5.0 7.0 5.0 7.0 

ABCDEF 8.5 8.5 6.5 6.5 6.5 6.5 8.5 8.5 
22342"pt 32.13 26.86 25.14 23.86 27.61 29.17 25.82 29.36 Zm(8r>=27.49266 
repl 0.080· 0.024 0.Dl8 0.021 0.045 0.029 0.006 0.023 Z,,(8f)=1.85837 

Zml1.d8i)=·2.52298 

22342"pt 32.19 26.87 25.12 23.86 27.~ 29.22 25.83 29.29 Z",(8~)=27.50386 
rep2 0.034 0.030 0.023 0.028 0.016 0.064· 0.019 0.028 Z,,(8~i=1.86t!1l3 

Zm,,:( ~ )=·2.7-1809 

22342"pt 32.47 27.02 25.15 23.89 27.83 29.49 25.83 29.35 Z",(8~)=27.62900 
rep3 0.092· 0.029 0.010 0.013 0.041 0.067 0.017 0.029 Z,,(8j)=I.93326 

Ztnl1.,(8j)=.2.37817 

22342"pt 32.26 26.91 25.19 23.95 27.72 29.29 25.87 29041 Ztn(8~)=27.57S49 
rep4 0.048 0.Di8 0.046 0.049 0.028 0.025 0.043 0.076· Z,,(8~)=1.87:!08 

Zrn"",(89 )=.2.58098 

Table 6.7: Analysis of Variance for the In(S2) Response for the Average Time in the 

System. 

Source of Variation Sum of Squares 
Factor A 0.80210 
Factor B 21.43429 
Factor C 0.21007 
Factor D 0.45545 
Factor E 0.07146 
Factor F 16.64114 
AF Interaction 0.00073 
Total 39.61524 
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Table 6.8: Yates' Algoritlun for the 2~Il Fractional Factorial Design for the Y Response 

for Average Time in the System 

Treatment Estimate of Effect 
Combination Response (1) (2) (3) 2 x (3)/26- 3 

(1) 49.80268 89.40932 173.52591 391.00881 97.75220 
a 39.60664 84.11659 217.48290 -27.70001 -6.92500 
b 47.61861 153.32216 -21.31667 -94.45415 -23.6l354 
ab (d=-ab) 36.49798 64..16074 -6.38334 12.30067 3.07517 
e 81.56323 -10.19604 -5.29273 43.95699 10.98925 
ae (e=-ae) 71.75893 -11.12063 -89.16142 14.93333 3.73333 
be (f=-be) 30.36989 -9.80430 -0.92459 -83.86869 -20.96717 
abc 33.79095 3.42096 13.22526 14.14985 3.53746 

It is apparent from the magnitude of the sums of squares that factors B and F 

account for almost all of the variability in the model associated with the variance of 

average time in the system. These results are consistent with those of the infonnal 

analyses. 

6.3..1.3 Yates' Algorithm for the Y Response for Average Time in the S.ystem 

Table 6.8 displays the results of Yates' ulguritlun for the expected mean time in the 

system response calculated over all of the noise conditions. 

6.3...... Analysis of Variance for the Y Response for Average Time in the System 

The sums of squares for the effects were calculated by (contrast)2 /26- 3• where the values 

for each contrast are those displayed in the column labeled (3) in Table 6.8. The sum of 

squares for error was calculated using results from the four replicates of the center point 

system design displayed in Table 6.6. For each replicate the mean time in the system over 
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Table 6.9: Analysis of Variance for the Y Response for Average Time in the System. 

Source of Variation Sum of Squares 
Factor A 95.91131 
Factor B 1115.l9831 
Factor C 241.52712 
Factor D 18.91331 
Factor E 27.87554 
Factor F 879.24465 
AF Interaction 25.02728 
Total 2403.69753 

the noise conditions, Zm(f)?), was calculated. The sum of squares for error was calculated 

by Lt=l(Yi - Yi, where Yi is Zm(f)?), for each replicate and Y is the mean of Zm(e?) 

calculated over the four replicates. Once again, the variance at the center point was very 

low. Because of this, the F-ratios were inflated considerably. Thus, observations will be 

made regarding the relative magnitude of the sums of squares of the effects. Table 6.9 

displays the results of the analysis of variance. 

Factors B and F have the greatest impact on the response mean time in the system. 

However, factors A and C also have a substantial impact on this response. Thus, in view 

of the relative magnitude of the sums of squares, it appears that factors A, B, D, and F 

are significant with respect to the performance statistic Y for average time in the system. 

These results are consistent with those of the informal analysis for the Y response, the 

mean of the average time in the system performance measure calculated over the noise 

conditions. 
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6.3.5 Discussion of Results for the Expected Performance Analysis for the Machine 

Maintenance Model 

The expected perfonnance analysis was conducted to determine which controllable vari

ables affected the expected system performance over the noise space for the average 

time in the system perfonnance measure. Both the infonnal and formal analyses for the 

expected perfonnance analysis yielded the same results. Factors lB and F appear signif

icant with respect to both the variance and the mean of the average time in the system 

perfonnance measure. Factors A and C appear significant with respect to the mean only 

and factors D and E appear insignificant with respect to both the variance and the mean 

of the average time in the system perfonnance measure. 

The results from the worst performance analysis will be documented in the follow

ing sections. If the conclusions from the worst performance analysis are consistent with 

those from the expected perfonnance analysis, then confinning simulations will be run 

for the system design deemed best from the combined results. If the conclusions from 

both the expected performance analysis and the worst performance analysis differ, then 

confinning simulations will be run for the best system design suggested by each of these 

analyses. 

6.3.6 \Vorst Performance Analysis for Average Time in the S)'stem for the Machine 

Maintenance Model 

Both infonnal and formal analyses were performed on the In[max(S:!)] response for the 

perfonnance measure average time in the system. For each system design, the row entry 

in Table 6.2 marked with an asterisk is the maximum cell variance for that particular 

system design. A naturallogaritlun transformation was then applied to the maximum cell 
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sample variance for each system design. The objective of the worst performance analysis 

is to determine which controllable variables affect the maximum cell variance and set 

these variables at the levels which minimize the maximum cell variance. In addition, 

the controllable variables that affect the mean time in system will be set at the levels 

which minimize the mean time in system. The settings of the controllable variables that 

minimize the mean time in the system determined in the expected performance analysis 

will be used to complete the worst performance analysis. 

6.3.7 Informal Analyses 

Both normal probability plots and effect graphs will be investigated in the informal analy

sis. The responses for each analysis are In[max(S2)] and Y. The results from the informal 

analyses on the Y response are documented in Sections 6.3.3.1 and 6.3.4.4. These results 

will be combined with the results of the analyses for the response In[max(S:!)] in the 

worst performance analysis. 

6.3.7.1 Normal Probability Plots 

The ordered effects plotted on normal probability paper for the In[ma..x(S2)] response for 

the average time in the system performance measure are shown in Table 6.10. The effect 

estimates were calculated using Yates' algorithm, which is shown in Table 6.11. 

Figure 6.5 is the normal probability plot for the In[max(S2)] response. From this 

plot it is apparent that factors B and F are si!Snificant with respect to in[max(S2)] for the 

average time in the system performance measure. 
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Table 6.10: Ordered Effects - In[max(S2)] Response for the Average Time in the System 

Order(j) Effect Estimate (j-.5)/7 
7 F 4.02999 0.92857 
6 0 1.52036 0.78571 
5 C 0.43493 0.64286 
4 AF 0.26440 0.5000 
3 E 0.04984 0.35714 
2 A -1.41986 0.21429 
1 B -6.54851 0.07143 

6.3.7.2 Effect Graphs 

Figure 6.6 contains the effect graphs for the In[max(S2)] response. From this figure it 

appears that factors B and F significantly affect the maximum cell variance of the measure 

average time in the system. Factor B minimizes the maximum cell variance when it is at 

its high setting and factor F minimizes the maximum cell variance when it is at its low 

setting. For the job shop problem this means that to minimize the ma"{imum cell variance 

of the average time a part spends in the job shop. the number of machines at station two 

should be set to three and the queue discipline should be set to shortest processing time 

(spt). 

Combining these results with those found earlier for the Y response, it appears as 

if a good system design is the following: three machines at station one, three machines at 

station two, two machines at station three, three machines at station four, one transporter, 

and the shortest processing time queue discipline. These conclusions are consistent with 

those from the infonnal analysis for the expected perfonnance analysis. 

''''.' 
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Figure 6.6: Effects Graphs for In[ma.x(S1)J for Average Time in the System - Machine 

Maintenance Model 
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Table 6.11: Yates' Algoritlun for the 2~[J Fractional Factorial Design for the In[max(S2)] 

Response for Average Time in the System 

Treatment Estimate of Effect 
Combination Response (1) (2) (3) 2x(3)/26 - 3 

(1) 5.06666 10.54805 16.05906 33.85784 8.46446 
a 5.48139 5.51101 17.79878 -5.67944 -1.41986 
b 4.33289 19.47788 -2.74004 -26.19402 -6.54851 
ab (d=-ab) 1.17812 -1.67910 -2.93940 -6.08142 -1.52036 
e 9.84581 0.41473 -5.03704 l.73972 0.43493 
ae (e=-ae) 9.63207 -3.15477 -21.15698 -0.19936 -0.04984 
be (f=-be) 0.52328 -0.21374 -3.56950 -16.11994 -4.02999 
abc -2.20238 -2.72566 -2.51192 1.05758 0.26440 

6.3.8 Formal Analysis 

6.3.8.1 Yates' Algorithm - In[max(S2») Response for Average Time in the System 

Yates' algoritlun was first applied to the output data for the In[ma..'<.(S2)] response for the 

average time in the system performance measure. Table 6.11 shows the results of Yates' 

algoritlun. 

6.3.8.2 Analysis of Variance for the In[max(S2)) Response for Average Time in the 

System 

Once again, the sums of squares for each of the effects was calculated by (contrast)2 /26- 3 , 

where the contrast is the calculation in the column labeled (3) in Table 6.11. An unbiased 

estimate of error was obtained from the four replicates of the center point system de

sign. The third performance statistic for each replicate of the center point system design 

displayed in Table 6.6 was used to calculate the sum of squares for error. That is, the 

sum of squares for error was calculated by Lt=lO'i - y)2, where }'i is Zma:z:((}?), for each 
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Table 6.12: Analysis of Variance for the In[max(S2)] Response for Average Time in the 

System 

Source of Variation Sum of Squares 
Factor A 4.03200 

, I 
Factor B 8.576584 
Factor C 0.37833 
Factor D 4.62296 
Factor E 0.00497 
Factor F 32.48156 
ABC Interaction 0.13981 
Total 127.42547 

of the four replicates and -r is the average over the four replicates of Zma:I!(f);). TIle 

F-ratios were considerably inflated because the variance at the center point was small. 

The assumption of constant variance, thus. appears to be violated for the In[max(S2) I 

response also. The observations in the ANOVA table will be discussed in terms of the 

relative magnitudes of the sums of squares. Table 6.12 displays the analysis of variance 

results. 

Judging by the relative magnitude of the sums of squares. factors B .U1d F account 

for most of the variability of the maximum cell variances. Thus. it is concluded from 

this formal analysis that factors B .U1d Fare signific.U1t with respect to the In[max(S2)] 

response for the average time in the system performance measure. 

6.3.9 Discussion of Results of the Worst Performance Anal)'sis for the \-Iachine 

\-(aintenance 'Iodel 

The conclusions from both the expected performance <malysis and the worst performance 

<malysis were consistent and identical. Upon inspection of the output data in Table 6.2, 
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this is not surprising. The system designs that were the most sensitive to changes in the 

settings of the noise variables also had a maximum cell variance that was significantly 

larger than the maximum cell variance for system designs which were not sensitive to 

changes in the settings of the noise variables. In general, one or two noise conditions 

were responsible for the majority of variability for the system designs that were highly 

sensitive to changes in settings of the noise variables. For example, system designs three 

and four had a large variance for the average time in the system performance measure 

over the set of noise conditions. From Table 6.2 it can be seen that noise conditions 

one and five were responsible for almost all of this variability. Noise set five produced 

the maximum cell variance for both of these system designs. Hence, in light of these 

observations, it should not appear unusual that the same conclusions were drawn from 

both an expected performance analysis and a worst performance analysis. 

The following sections will report the output data and discuss the analyses per

formed for the machine maintenance model when the objective is to maximize average 

weekly throughput. 

6.4 Machine Maintenance Model - Objective: Maximize Average Weekly Through

put 

For the objective function of maximizing the average weekly throughput for the machine 

maintenance model, the following sections will include: the output data, informal analyses 

(normal probability plots and effect graphs) for both the the expected performance analysis 

and the worst performance analysis, and a formal analysis (Al'lOYA) for both the expected 

performance analysis and the worst performance analysis. The three responses used in the 

analyses for the average weekly throughput performance measure are In(S2), In[max.(S2)], 

and Y. 
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6.4.1 Output Data 

Table 6.13 displays the output data fvr the machine maintenance model in which the 

performance measure is average weekly throughput. Each system design under each 

noise condition produced five realizations of this measure. The measure average weekly 

throughput. yIJ. is the average number of parts that finish processing during each week 

of operation. The first entry in each cell of the table represents the average weekly 

throughput calculated over five replicates. That is, the first entry in each cell is Y = 
2:;=1 YjIJ /5. The second entry in each cell is the sample variance of the average weekly 

throughput calculated over the five replicates. That is, the second entry in each cell is 

52IJ -- ,,5J·=I(~~J·IJ - }r)2/4. Th . 11 I . & h d . L.J I e maxImum ce samp e vanance lor eac system eSIgn 

is marked with an asterisk. 

For each system design. three performance statistics were calculated. The last 

entries in each row of Table 6.13 are the three performance statistics. The first statistic, 

Zm(f)l). is the sample mean of the performance measure average weekly throughput 

calculated over the noise space for system design I. The calculation for Zm(fJI) is 

y = [2:~=1 2:;=1 }'jIJ]/40. for each I. The second statistic, Zv(f)l), is the natural logarithm 

of the sample variance of the performance measure average weekly throughput calculated 

over the noise space for system design I. The calculation for Zv(f)l) is the natural 

logarithm of the sample variance. where the sample variance is 52 = 2:~=1 2:;=I(}'jIJ -
==2 
yl /39, for each I. The third statistic, Zma:z:(f)l), is the natural logarithm of the maximum 

cell sample variance for system design I. The calculation for Zma:z:(BI) is In[max(52IJ
], 

where 52IJ = 2:;=I(YjIJ - y)2/4. 

Upon inspection of the output data in Table 6.13, it appears that the variability 

in the expected mean weekly throughput is due to the mean interarrlval time, not the 

particular system design run. The expected number of part arrivals per hour would be 15 
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Table 6.13: Schematic for System Designs - Machine Ivlaintenance Model - Performance 

Measure (Y): Average Weekly Throughput 

I: 2: ]: 4: 5: 6: 7: 8: 
0.4 0.6 0.4 0.6 0.4 0.6 004 0.6 
4.0 4.0 6.0 6.0 4.0 4.0 6.0 6.0 
·to 4.0 4.0 4.0 6.0 6.0 6.0 6.0 
6.5 4.5 .. .5 6.5 6.5 4.5 4.5 6.5 
7.0 5.0 7.0 5.0 5.0 7.0 5.0 7.0 

ABCDEF 8.5 8.5 6.5 6.5 6.5 6.5 8.5 8.5 
I: ] 343 I spl 1196.7 1196.7 797.7 797.6 1196.7 1196.7 797.6 797.6 Z",(8 )=997.167 

51.269 51.268 87.(J)7 88.016' 50.423 50.142 85.]31 85.059 Zv(81)=10.6186 
Z"' .. ..,« 1)=4.47752 

2: 1 3 4 5 2 spl 1196.7 1196.8 797.7 796.] 1196.8 1196.9 797.6 797.6 Z",(81)=1002.185 
I 51.855 50.818 87.824 97.830' 48.460 48.757 86.905 86.379 Zw(81)= 10.62086 

Z", .. .z:(62 )=4.5832-J 
3: 3 1 4 5 1 lifo 1192.9 1196.7 797.6 797.6 1191.1 1196.6 797.7 797.6 Z",(83 )=995.989 

32.817 50.183 S 1.417 86.821' 29.108 51.28 I 84.065 8 1.i62 Z.(iJ3)=IO.60678 
Z""1.z:(8J )=4.46385 

4: I 1432 fifo 1189.9 1196.9 797.8 79H 1195.2 1197.6 797.8 797.5 Z",(64 )=996.256 
52.89] 45.959 84.953 87.547' 33.475 .16.905 84.151 8 1.083 Z~l6~)=10.60983 

Z", .. r.C6~)=4.4n 18 
5: 3 3 2 3 2 lifo 1196.5 1196.5 797.6 797.6 1196.6 1197.0 797.4 797.] Z",(65 )=997.067 

39.818 50.213 87.716' 87.027 51.095 36.9]2 86.095 82.935 Z. (e5)= 10.6 1926 
Zm.u( 85 )=4.47410 

6: 1 3 .2 5 I lifo 1196.8 1196.9 797.6 797.7 1196.5 1196.0 797.6 797.6 Z",(66 )=997.078 
45.506 45.669 8 1.293 84.117 50.280 54.226 84.634" 82.303 Z.(66 )= 10.61805 

Zm .. ",(86 )=4.43833 
7: 3 I .2 5 .2 spl 1195.8 1196.7 797.7 797.6 1195.6 1196.7 797.7 797.6 Z,,1(87)=996.919 

39.525 50.204 84.009 86.379' 42.181 44.905 84.848 86.268 Zv(87)= 10.61605 
Zm .. .z:(87 )=4.45875 

8: 1 I .2 3 I spl 1196.0 1196.7 797.7 797.5 1195.8 1196.8 797.6 797.6 Z",(8S)=996.958 
39.368 52.179 84.006 84.498' 40.084 46.880 83.972 81.613 Z.(8')=1O.61704 

Zm .. .,(88 )=4.4:!673 
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when the mean interarrival time is four minutes and 10 when the mean interarrival time 

is six minutes. The number of hours per week of operation for the machine maintenance 

model is 80 hours. Thus, when the mean interarrival time is 4 minutes, one would expect 

the average weekly throughput to be 1200 parts per week (15 x 80). When the mean 

interarrival time is 6 minutes, one would expect the average weekly throughput to be 

800 parts per week (10 x 80). By inspecting the columns in which the noise vruiable 

mean interarrival time was set to four minutes (columns 1, 2, 5, and 6), it is apparent 

that the expected average weekly throughput does not deviate much from 1200 parts per 

week for all system designs. By inspecting the columns in which the noise variable mean 

interarrival time was to set to six minutes (columns 3, 4, 7, and 8), it is apparent that the 

expected average weekly throughput does not deviate much from 800 parts per week for 

all system designs. The reason these numbers are not 1200 and 800 precisely is because 

there are parts still being processed when the simulation ends. 

The stopping rule employed in the simulation program run for both the machine 

maintenance model and the machine failure model is to end the simulation after 10 

weeks have elapsed. There are, therefore, parts that have entered the system but have 

not completed processing. Thus, these parts are not included in the throughput count. 

If the simulation stopping rule had been to process all arrivals that entered the system 

within 10 weeks of simulated time, the average weekly throughput calculations would 

have included all parts that entered the system during the 10 weeks of simulated time. 

The average weekly throughput then would have most likely been 1200 and 800 parts 

per week for mean interarrival times of 4 minutes and 6 minutes, respectively. Further 

comments about the implications of thi~ observation will be provided after the analyses 

have been reported. 
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Table 6.14: Ordered Effects - 1n(S2) Response for Average Weekly Throughput 

OrderU> Effect Estimate U-·5)/7 
7 B 0.00677 0.92857 
6 E 0.00138 0.78571 
5 AF -0.00035 0.64286 
4 D 0.00075 0.50000 
3 A -0.00127 0.35714 
2 C -0.00358 0.21429 
1 F -0.00466 0.07143 

6.4.2 Expected Performance Analysis for Average 'Weekly Throughput for the Ma

chine Maintenance Model 

6.4.3 Informal Analyses 

The infomlal analyses conducted for the average weekly throughput performance measure 

include both normal probability plots and effect graphs. The two responses for the 

expected performance analysis were 1n(S2) and Y for average weekly throughput. 

6.4.3.1 Normal Probability Plots 

The normal probability plots for the responses In(S2) and Y for the average weekly 

throughput performance measure are shown in Figures 6.7 and 6.8, respectively. The 

ordered effects that were plotted on normal probability paper are shown in Tables 6.14 

and 6.15. The effect estimates were calculated using Yates' algorithm. The results from 

applying Yates' algorithm to the 1n(S2) response can be found in Table 6.16 and those 

for the Y response can be found in Table 6.19. 

From Figures 6.7 and 6.8, it is apparent that all of the effects appear to be negli-
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Figure 6.7: Nonnal Probability Plots for In(S2) for Average Weekly Throughput - Ma

chine Maintenance Model 
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Maintenance Model 
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Table 6.15: Ordered Effects - Y Response for Average Weekly Throughput 

OrderQ) Effect Estimate U-·5)/7 
7 B 1.84355 0.92857 
6 E 1.30877 0.78571 
5 D 1.18099 0.64286 
4 C 0.89355 0.50000 
3 AF -1.19492 0.35714 
2 A -1.33381 0.21429 
1 F -1.71017 0.07143 

gible. The effects all lie on a straight line centered around zero. Thus, from the normal 

probability plots, it appears as if none of the controllable variables is significant with 

respect to either the mean or the variance of the average weekly throughput. 

6.4.3.2 Effect Graphs 

Figure 6.9 contains the effect graphs for the In(S2) response and Figure 6.10 displays the 

effect graphs for the Y response. It is apparent from both of these graphs that none of 

the controllable variables is significant with respect to either the variance or the mean of 

average weekly throughput. 

From the author's previous experience in which the reverse simulation technique 

was not employed, the controllable variables often did affect the average weekly through

put performance measure. Typically, when running system designs employing the tra

ditional design and analysis procedure, several of the initial system designs simulated 

produced unstable systems. That is, the settings or levels for the controllable variables 

were not adequate to accommodate resource demands. It was often necessary to manipu

late the controllable variables (often the number of resources) to obtain stable systems in 

which the average weekly throughput approached its expected value. Additional system 
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Figure 6.9: Effects Graphs for In(S2) for Average Weekly Throughput - Machine Main

tenance Model 
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Figure 6.10: Effects Graphs for r for Average Weekly Throughput - Machine Mainte

nance Model 
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designs were then run to fine tune the system. In these instances, the mean interamval 

times in conjunction with the system design in operation affected the average throughput. 

A preliminary speculation about the results of the informal analyses on average 

weekly throughput is that the reverse simulation technique finds feasible values for the 

controllable variables that, in combination, produce stable systems. The goal of the 

reverse simulation technique is to find a feasible region, i.e., a region in the factor 

space in which operating conditions are satisfied. If the reverse simulation technique is 

achieving this goal, then throughput may no longer be a performance measure of interest. 

If this is the case, the purpose of subsequent simulation experiments may be to fine tune 

the system since the reverse simulation technique will find a range of factor level settings 

that will produce stable systems. This argument may be strengthened if the results of the 

analyses for the machine failure model for the average weekly throughput performance 

measure are consistent with the results from the machine maintenance model. 

6.4.4 Formal Analysis 

6.4.4.1 Yates' Algorithm for the In(S2) Response for Average \Veekly Throughput 

Table 6.16 displays the results from Yates' algorithm for the In(S2) response for average 

weekly throughput. The contrasts in the column labeled (3) were used to calculate the 

sum of squares for the analysis of variance. 
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Table 6.16: Yates' Algorithm for the 2~rJ Fractional Factorial Design for the In(S2) 

Response for Average Weekly Throughput 

-
Treatment Estimate of Effect 
Combination Response (1) (2) (3) 2 x (3)/26- 3 

(1) 10.61704 21.23309 42.47040 84.92647 21.23162 
a 10.61605 21.23731 42.45607 -0.00509 -0.00127 
b 10.61805 21.21661 0.00022 0.02707 0.00677 
ab (d=-ab) 10.61926 21.23946 -0.00531 0.00299 0.00075 
c 10.60983 -0.00099 0.00422 -0.01433 -0.00358 
ac (e=-ac) 10.60678 0.00121 0.02285 -0.00553 -0.00138 
be (f=-be) 10.62086 -0.00305 0.00220 0.01863 0.00466 
abe 10.61860 -0.00226 0.00079 -0.00141 -0.00035 

6.4.4.2 Analysis of Variance for the In(S2) Response for Average "Veekly Through

put 

The sum of squares for each of the effects was calculated by (contrast)2 /26- 3 , where the 

contrast is the calculation in the column labeled (3) in Table 6.16. The sum of squares 

for error was calculated from four replicates of the center point system design: (Design 

9: 2 2 3 4 2 spt). 

Table 6.17 displays the output for each of the four replicates of this center point 

system design. The first entry in each cell is the average over five replicates of the average 

weekly throughput measure. That is, the first entry in each cell is Y = E;=1 }jIJ /5. 

The second entry in each cell is the sample variance of the average weekly throughput 

measure calculated over the five replicates. That is, the second entry in each cell is 

S2 IJ = E;=lOjIJ - y)2/4. The maximum cell sample variance for each replicate of the 

center point system design is indicated with an asterisk. 

For each replicate of the center point system design, three performance statistics 



228 

Table 6.17: Schematic for Center Point System Design - Machine Maintenance Model 

Performance Measure (Y): Average Weekly Throughput 

I: :!: 3: 4: 5: 6: 7: 8: 
0.4 0.6 OA 0.6 0.4 0.6 0.4 0.6 
4.0 4.0 6.0 6.0 4.0 4.0 6.0 6.0 
4.0 4.0 4.0 4.0 6.0 6.0 6.0 6.0 
6.5 4.5 4.5 6.5 6.5 4.5 4.5 6.5 
7.0 5.0 7.0 5.0 5.0 7.0 5.0 7.0 

ABCDEF 8.5 8.5 6.5 6.5 6.5 6.5 8.5 8.5 
22342spt 1196.8 1196.8 797.6 797.6 1196.7 1196.8 797.7 797.7 Z",(6P=997.23 
N:pl 49.24 50.94 86.82 86.05 51.22 5Q.68 87.R7 89.63' Z,,(8?)=10.61881 

Zmt>;c(8?)=4.49566 
22342spt 1195.3 1195.3 799.1 799.0 1195.4 1195.5 797.5 797.5 Z",(~)=996.44 
repl2 266.7 265.9 65.76 64.79 265.6 268.1" 59.36 62.21 Z,,(8ii=lo.61472 

Zrnt> . .c8~)=S.59150 
22342 spt 1172.8 1199.6 794.5 798.2 1199.6 1199.5 798.16 798.3 9 -Zrn(8)=998.89 
repl3 4709.' 126.9 82.95 158.6 129.5 130.7 157.4 161.7 Z .. (8~)=10.63167 

Z 'M . .,( (1)=8.457:M 
22342 spt 1198.2 1198.3 799.8 799.3 1198.2 1198.4 799.3 799.2 Zrn{o';~)=998. 78 
rep 14 170.1 163.8 96.71 80.72 170.8' 166.1 79.01 79.04 Z .. (8~)=10.61962 

Zrna .. « 9)=5.14077 

were calculated. The last entries in each row of the table are the three performance 

statistics. The first statistic, Zm{lj9), is the sample mean of the performance measure 

average weekly throughput calculated over the noise conditions for each replicate of the 

center point system design. The calculation for Zm{fj9) is Y = [L~=I L~=I }'jIJ]/40, for 

each of the four replicates of the center point system design. The second statistic. Zv(fj9), 

is the natural logarithm of the sample variance of the average weekly throughput measure 

calculated over the noise space for each replicate of the center point system design. The 

calculation for Zv(fj9) is the natural logarithm of the sample variance, where the sample 

variance is 8 2 = [L~=I L]=10'jIJ - y)2]/39, for each of the four replicates. The third 

statistic, Zma;z:(fj9), is the natural logarithm of the maximum cell variance for each replicate 

of the center point system design. The calculation for Zma;z:(f}9) is In[max(S2IJ 
)], where 

max(821J
) is the maximum cell sample variance for replicate I. 

The sum of squares for error was calculated by L!:I(Yi - Yf, where Yi is Zv(f)?) 

for each of the four replicates and Y is the average over the four replicates of Zv(f}?). 
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Table 6.18: Analysis of Variance for In(S2) Response for Average Weekly Throughput 

Source of Variation Sum of Squares Degrees of Freedom Mean Square Fo 
Factor A 0.000003239 1 0.000003239 0.06478 
Factor B 0.000091598 1 0.000091598 1.83196 
Factor C 0.000025669 1 0.000025669 0.51338 
Factor D 0.000001118 1 0.000001118 0.02236 
Factor E 0.000003823 1 0.000003823 0.07646 
Factor F 0.000043385 1 0.000043385 0.8677 
ABC Interaction 0.000000249 1 0.000000249 0.00498 
Error 0.0016 3 0.00005 
Total 0.001769081 10 

The four replicates yielded three degrees of freedom for error. Table 6.18 displays the 

ANOVA results. None of the controllable variables appears significant with respect to 

the variance of the average weekly throughput perfonnance measure. 

6.4.4.3 Yates' Algorithm for theY Response for Average \'Veekly Throughput 

Table 6.19 displays the results of Yates' algorithm for the expected mean weekly through

put response calculated over the set of noise conditions. 

6.4........ Analysis of Variance for the Y Response for Average ~Veekly Throughput 

The sum of squares for error was calculated using results from the four replicates of the 

center point system design. For each replicate the expected average weekly throughpu 

Zm(f)?), was calculated. The sum of squares for error was calculated by Lt=lO'i - y?, 
where Ii is Zm(O?) for each replicate and Y is the mean of Zm(O?) calculated over the four 

replicates. Table 6.9 displays the results of the analysis of variance for the Y response 

for the perfonnance measure average weekly throughput. 
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Table 6.19: Yates' Algorithm for the 2~IJ Fractional Factorial Design for the Y Response 

for Average Weekly Throughput 

Treatment Estimate of Effect 
Combination Response (1) (2) (3) 2 x (3)/26- 3 

(1) 996.95833 1993.87769 3988.02214 7979.61847 1994.90462 
a 996.91936 1994.14445 3991.59633 -5.33522 -1.33381 
b 997.07778 1992.24445 -0.05007 7.37419 1.84355 
ab (d=-ab) 997.06667 1999.35188 -5.28515 -4.72394 -1.18099 
c 996.25556 -0.03897 0.26676 3.57419 0.89355 
ac (e=-ac) 995.98889 -0.01111 7.10743 -5.23508 -1.30877 
be (f=-bc) 1002.18518 -0.26667 0.02787 6.84067 1.71017 
abc 997.1667 -5.01848 -4.75181 -4.77968 -1.19492 

Table 6.20: Analysis of Variance for the Y Response for Average Weekly Throughput 

Source of Variation Sum of Squares Degrees of Freedom Mean Square Fa 
Factor A 3.55807 1 3.55807 2.46723 
Factor B 6.79733 1 6.79733 4.71339 
Factor C 1.59685 1 1.59685 1.10728 
Factor D 2.78945 1 2.78945 1.93426 
Factor E 3.42576 1 3.42576 2.37549 
Factor F 5.84935 1 5.84935 4.05605 
ABC Interaction 2.85567 1 2.85567 1.98018 
Error 4.32638 3 1.44213 
Total 19.50016 10 
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In accordance with the infonnal anlayses, this fonnal analysis indicates that none 

of the controllable variables is significant with respect to the mean of the average weekly 

throughput perfonnance measure. The following sections will contain the results from 

the worst perfonnance analysis. 

6..1.5 Worst Performance Analysis for Average Weekly Throughput for the Ma

chine Maintenance Model 

Both infonnal and fonnal analyses were conducted for the In[max(S2)] response for the 

average weekly throughput perfonnance measure. For each system design, the row entry 

in Table 6.13 marked with an asterisk is the maximum cell variance for that particular 

system design. A natural logarithm transfonnation was then applied to the maximum 

sample variance for each system design. The results from the average perfonnance anal

ysis for the Y response will be combined with the results on the In[max(S2)] response to 

complete the worst performance analysis on the average weekly throughput performance 

measure. 

6.·1.6 Informal Analyses 

6..1.6.1 Normal Probability Plots 

Figure 6.11 displays the ordered effects plotted on normal probability paper for the 

In[max(S2)] response for the average weekly throughput perfonnance measure. Table 

6.21 shows the ordered effect estimates. The effect estimates were calculated using 

Yates' algorithm. The results from Yates' algorithm can be found in Table 6.16. 

From inspecting Figure 6.11, it is apparent all of the effects fall on a straight line 
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Figure 6.11: Nonna! Probability Plot for In[max(S::!)] for Average Weekly Throughput _ 

Machine Maintenance Model 
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Table 6.21: Ordered Effects - In[max(S2)] Response for Average Weekly Throughput 

Order(j) Effect Estimate (j - .5)/7 
7 C 0.04722 0.92857 
6 E 0.04296 0.78571 
5 B 0.03542 0.64286 
4 D 0.02091 0.50000 
3 A -0.01407 0.35714 
2 F -0.02695 0.21429 
1 ABC -0.02779 0.07143 

centered around zero. Thus, the normal probabliity plot conclusions conform to those 

of the average performance analysis. It appears as if none of the controllable variables 

is significant with respect to the maximum variance of the average weekly throughput 

performance measure. 

6.4.6.2 Effect Graphs 

Figure 6.12 displays the effect graphs for the In[max(S2)] response for the average weekly 

throughput performance measure. From these graphs it appears as if none of the con

trollable variables is significant with respect to the maximum variance of average weekly 

throughput. Once again, these results are consistent with those found in the expected 

performance analysis. 
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Figure 6.12: Effects Graphs for In[mtL'(S.!)1 for Average \Veekly Throughput - Machine 

Maintemmce Model 
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Table 6.22: Yates' Algorithm for the 2~11 Fractional Factorial Design for the In[max(S2)] 

Response for Average Weekly Throughput 

Treatment Estimate of Effect 
Combination Response (1) (2) (3) 2 x (3)/26- 3 

(1) 4.43673 8.89548 17.80791 35.80470 8.95118 
a 4.45875 8.91243 17.99679 -0.05626 -0.01407 
b 4.43833 8.93603 0.05779 0.14168 0.03542 
ab (d=-ab) 4.47410 9.06076 -0.11405 -0.08364 -0.02091 
e 4.47218 0.02202 0.01695 0.18888 0.04722 
ac (e=-ac) 4.46385 0.03577 0.12473 -0.17184 -0.04296 
be (f=-be) 4.58324 -0.00833 0.01375 0.10778 0.02695 
abc 4.47752 -0.10572 -0.09739 -0.11114 -0.02779 

6.·1.7 Formal Analysis 

6..1.7.1 Yates' Algorithm for the In[max(S2») Response for Average Weekly Through

put 

Yates' algorithm was first applied to the output data for the In[max(S2)] response for the 

average weekly throughput performance measure. Table 6.22 displays the results. 

6..1.7.2 Analysis of Variance for the In[max(S2») Response for Average Weekl~' 

Throughput 

The sum of squares for each of the effects was calculated by (contrast)2 /26 - 3, where the 

contrast is the calculation in the column labeled (3) in Table 6.22. An unbiased estimate 

of error was obtained from the four replicates of the center point system design. The 

third performance statistic for each replicate of the center point system design of Table 

6.17 was used to calculate the sum of squares for error. That is, the sum of squares 
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Table 6.23: Analysis of Variance for the In[max(S2)] Response for Average Weekly 

Throughput 

Source of Variation Sum of Squares Degrees of Freedom Mean Square Fa 
Factor A 0.00040 1 0.00040 0.00013 
Factor B 0.00251 1 0.00251 0.00082 
Factor C 0.00446 1 0.00446 0.00146 
Factor 0 0.00087 1 0.00087 0.00028 
Factor E 0.00369 1 0.00369 0.00121 
Factor F 0.00145 1 0.00145 0.00047 
ABC Interaction 0.00154 1 0.00154 0.00050 
Error 9.18144 3 3.06048 
Total 9.19636 10 

for error was calculated by 2:t=IO'i - Yi, where }'i is Zma:c(f1~), for each of the four 

replicates, and Y is the average over the four replicates of Zma:cca?). The four replicates 

yielded three degrees of freedom for error. Table 6.23 displays the ANOVA results. 

The ANOVA results indicate that none of the controllabe variables is significant 

with respect to the maximum variance of the average weekly throughput performance 

measure. These conclusions conform with those of the informal analyses on the maximwn 

cell variance for average weekly throughput. 

6.·1.8 Discussion of Results for the Machine Maintenance Model 

The most prominent observations from the analyses conducted for the machine main

tenance model are the following. None of the controllable variables is significant with 

respect to the average weekly throughput performance measure. Some of the system de

signs were highly sensitive to changes in the settings of the noise variables, while other 

system designs were not. The conclusions drawn from both the expected performance 

analysis and the worst performance analysis were identical. And, the formal and informal 
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analyses in all situations yielded the same results. 

The implications of these observations will be discussed in Chapter 7, after the 

conclusions from the analyses conducted for the machine failure model have been pre

sented. 

6.5 Confirming Simulation Runs· Machine Maintenance Model 

6.5.1 Introduction 

The results from the expected perfonmUlce analysis and the worst performance analysis 

for the average time in the system performance measure were identical. None of the 

controllable variables affected the average weekly throughput measure in either the ex

pected performance analysis or the worst performance analysis. Thus, average weekly 

throughput is not considered in determining a best system design. 

The expected performance analysis and the worst performance analysis suggested 

the same best system design. Five replicates of this system design were run under each 

set of noise conditions to observe the system performance with regard to both the primary 

objectives and the secondary objectives. 

The purpose of the confirming simulation runs is to evaluate the performance of 

the best system design with respect to both the primary objectives, minimize time in the 

system and maximize average wee~y throughput, and the secondary objectives, minimize 

average number in queue and maximize resource utilizations. The optimal system design, 

rr .. , is If .. = (3 3 2 3 1 8pt). That is, the optimal system design consists of 3 machines at 

station one, three machines at station two, two machines at station three, three machines 

at station four, one transporter, and the shortest processing time (spt) queue discipline. 
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In the following sections the output data produced by the best system design will 

be presented. Also, a 95% confidence interval estimate was constructed on the average 

time in the system and the average weekly throughput performance measures. 

6.5.2 Output Data for the Best System Design· Machine Maintenance Model 

The performance measures that were investigated for IF·, the optimal system design, were 

average time in the system, average weekly throughput, average number in queue for 

each machine station and the transporter (a total of 5 queues), and average utilization of 

machine stations and transporters (a total of 5 utilizations). Thus, there are p performance 

measures, where p = 1,2, ... , 12. The performance statistics that were calculated for 

each performance measure were: the grand mean calculated over the noise conditions, 

i.e, }~ = L:~=l L:~=l Yip IJ /40, for each of the p pelformance measures and, the sample 

standard deviation of each performance measure calculated over the noise conditions, i.e .. 

Sp = {St, where S; = 2:~=1 2:~=l(}jp IJ - }.~)2 /39, for each p. Table 6.24 displays these 

performance statistics. 

It is apparent from Table 6.24 that the secondary objectives are satisfied by the 

optimal system design. The average number in all of the queues is less than one part 

with the exception of queue 3, for which the average number in queue was approximately 

1 part. Machine station three had the fewest number of machines among the four machine 

stations so it is not surprising that the average length of queue 3 is longer than the lengths 

of the other queues, however negliglibe the difference may be. 

None of the machining stations appears under-utilized. If the utilizations had been 

greater than they are, the queue lengths would also have been longer. The three stations 

that had three machines in them were stations 1, 2, and 4. Both part types one arId two 
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Table 6.24: Perfonnance Statistics for Best System Design - Machine Maintenance Model 

~----------- -------------~--------------~ Best System Des,ign: 3 3 2 3 1 spt -=--------------I+-------.!:...--------H 
Perfonnance Measures: Perfonnance Statistics: 

Average Time in the System }·"I = 38.03143 
SI = 6.62190 

Average Weekly Throughput Y2 = 999.73924 
S2 = 200.45635 

Average Number in Queue 1 rJ = 0.00973 
S3 = 0.01073 

Average Number in Queue 2 Y~ = 0.01526 
S4 = 0.02115 

Average Number in Queue 3 is = 1.00208 
S, = 1.07540 

Average Number in Queue 4 Y6 = 0.29490 
S6 = 0.26325 

Average Number in Transporter Queue Y7 = 0.14254 
S7 = 0.06499 

Average Utilization of Station 1 1'8 = 0.54825 
Ss = 0.17456 

Average Utilization of Station 2 r9 = 0.55905 
S9 = 0.24496 

Average Utilization of Station 3 YIO = 0.72685 
SIO = 0.12815 

Average Utilization of Station 4 1"11 = 0.63253 
SII = 0.08699 

Average Utilization of Transporter YI2 = 0.88537 
SI2 = 0.06911 
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visited machine station four. Thus, as should be expected, the utilization at machine 

station 4 is higher than the utilzations at stations 1 and 2. Utilization at machine station 

4 is approximately 63% compared to 54% and 55%, respectively, for machine stations 

1 and 2. Transporter utilization is high, approximately 89%, as would be expected since 

only one transporter was used. However, despite the high utilization for the transporter, 

the average number in the transporter queue is less than one part. 

The expected average weekly throughput when the mean interarrival time is 4 

minutes is 1200 parts, and the expected average weekly throughput when the mean 

interarrival time is 6 minutes is 800 parts. The actual averages observed when the mean 

interarrival time was 4 minutes and 6 minutes do not deviate much from 1200 and 800 

parts, respectively. Since the performance statistic Y for weekly throughput includes 

the throughput when both of thesf~ mean interarrival times occur, the expected average 

weekly throughput calculated over the noise conditions is (1200 + 800)/2 = 1000 parts. 

From Table 6.24 it can be seen that }'2 = 999.73924. The standard deviation is 200 parts, 

as would be expected. So, the best system design does appear to be a stable system 

design. 

To get a rough estimate of the average time a part would be expected to spend 

in the system if the part did not have to wait in any of the queues, both part types and 

their sequencing would have to be considered. If the expected processing times and 

traveling times for both part types is averaged, then a rough estimate of ,average time in 

the system with no waits is approximately 24 minutes. The average time in the system 

calculated over the noise space, Y\, is approximately 38 minutes. This appears more than 

acceptable. 

In the following section. a confidence interval estimate will be constructed for 

average time in the system and average weekly throughput for the best system design of 
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the jobshop. 

6.5.3 Confidence Interval Estimates· :\'Iuchine Maintenance Model 

A 95% confidence interval estimate of the fonn Y ± tn- I ,I-a/2 fn was constructed for 

average time in the system and average weekly throughput. 

For average time in the system in minutes, the calculations for the confidence 

interval are Y = 38.03143, t39,O.975 = 2.023, and fn = 6'$0. Thus, a 95% confidence 

interval estimate of average time in the system in minutes is: 

38.03143 ± 2.11810 

[35.91,40.15]. 

For average weekly throughput the calculations for the confidence interval are Y = 

999.73924, t39,O.975 = 2.023, and -fn = 200Fo'35. Thus, a 95% confidence interval estimate 

of average weekly throughput is: 

999.73924 ± 64.11885 

[935.62,1063.86]. 

In summary, the system design that was detennined to be the best system design 

for the machine maintenance model through the optimization procedures employed, is a 

robust system design. This system design perfonns well with respect to the optimization 

of the perfonnance measures. Also, the best system design is not sensitive to changings 

in the settings of the input parameters. Aside from throughput, which obviously is 

dependent upon the mean interarrival times, the variability of other measures was low. 
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Thus, the best system design is a system design that is not only expected to perform well 

in reality with respect to the performance measures of interest, but is also expected to 

perform reliably well if the mean interarrival times and mean service times, for example, 

deviate somewhat from those specified in the model. 

6.6 Machine Failure Model· Objective: Minimize Average Time in the System 

For the objective minimizing average time in the system associated with the machine 

failure model, the following sections will include: the output data, informal analyses 

(normal probability plots and effect graphs) for both the expected performance analysis 

and the worst performance analysis, and a formal analysis (ANOVA) for both the expected 

performance analysis and the worst performance analysis. The analyses were performed 
? == ? on the responses In(S-), Y, and In[max(S-)]. 

6.6.1 Output Data 

Table 6.25 displays the output data for the machine failure model in which the perfor

mance measure was average time in the system. Each system design under each of the 

twelve noise conditions produced five realizations of this measure. The measure aver

age time in the system, ylJ, is the average time spent in the system (the job shop) 

for all jobs that completed processing during the execution of the simulation model for 

weeks three through ten. The first entry in each cell of the table represents the average 

time in the system calculated over five replicates. That is, the first entry in each cell i's 

y = ~=l YjIJ /5. The second entry in each cell is the sample variance of this measure 

calculated over each of the five replicates. That is, the second entry in each cell is 

S2
IJ = L:~l(YjlJ - y)2/4. The value for this measure which is the maximum sample 
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variance for each system design is indicated with an asterisk. 

For each system design, three performance statistics were calculated. The last 

entries in each row of the table are the three performance statistics. The first statistic, 

Zm(fl), is the sample mean of the average time in the system performance measure 
=I 

calculated over the noise space for system design I. The calculation for Zm{fJI) is Y = 

[L~:l L~=l YjlJ]/60, for each I. The second statistic, ZvCBI), is the natural logarithm of 

the sample variance of the performance measure average time ill system calculated over 

the noise space for system design I. The calculation for Zv(BI) is the natural logarithm 

of the sample variance, where the sample variance is 52 = [L~:'1 L;=IO'jlJ - y)2]/59, 

for each I. The third statistic, ZmaABI), is the natural logarithm of the maximum cell 

sample variance for system design I. The calculation for ZmaAB1 ) is In[max(52lJ], 

where max(52lJ ) is the maximum value of 52lJ = L]=IO'jlJ - y)2 /4, for each system 

design I. 

The calculations for each entry in Table 6.25 were carried out using five significant 

digits to the right of the decimal point. All of these calculations were rounded off to fit 

all of the data in the table. 

For the machine failure model, it is appararent from the data in Table 6.25 that some 

of the system designs are highly sensitive to changes in settings of the noise variables, 

while other system designs are not. For example, the average time in the system for 

system design four ranges from 36.11 minutes to 1182.90 minutes. The average time 

in the system for system design six ranges from 38.75 minutes to 1100.30 minutes. 

Conversely, system designs one and seven, for example, do not appear very sensitive 

to changes in the settings of the noise variables. The average time in the system for 

system design one ranges from 36.53 minutes to 46.13 minutes and the average ti..rne in 

the system for system design seven ranges from 33.99 minutes to 46.39 minutes. 
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Table 6.25: Schematic for System Designs - Machine Failure Model - Performance 

Measure (Y): Average Time in the System 
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0.256 0.139 72584· 0.715 2.923 63694 0.138 3.138 0.677 520.6 3.147 l.537 Z~(1i6)OO11.8078 
Z ...... d'l6)-11.193 

7: 43363.p' 41.21 33.99 ]7.49 34.54 36.83 44.16 ]6.99 38.68 38.72 .16.17 .16.39 35.35 Zrn(97 )oo39.212 

0.035 0.04.1 0.011 0.029 0.075 0.220· 0.072 0.062 0.049 0.119 0.155 0.0]2 Z~11/7)oo2.8653 
Zrn .. d9'l-1.51J8 

8: 2] 3 4 2.p' 50.25 4].58 98.88 39.13 4].99 134.5 41.21 .16.19 45.-18 119.1 5651 4.1.26 Z".(1I8 )0063.598 

0.161 0.174 109.0 0.21! 0505 8..$2.8· 0.087 1.:!-I9 OJ09 l85') o.~ 0.259 Z~(1I8)oo7.().I6S 

. - - - - - --- - - --- - -
Z". ••. d 98 J-6.!]68_ 



245 

6.6.2 Expected Performance Analysis for Average Time in the System for the Ma

chine Failure Model 

For the average time in the system performance measure for the machine failure model, 

both informal and formal analyses were conducted to investigate the expected system 

performance with respect to this measure. The goal of the analyses is to find which 

controllable variables affect the dispersion or the variance of the performance measure 

(and possibly also the mean) and which controllable variables affect the mean only. The 

controllable variables which affect the variance of the performance measure will be set 

at those values for which the variance is minimized. The response in this instance will 

be In(S2). With the controllable variables which affect the variance set at the levels for 

which the variance is minimized, the controllable variables which affect the mean will 

be adjusted to optimize the mean of the performance measure. The response in this 

instance will be Y. If there are controllable variables which affect neither the mean nor 

the variance of the performance measure, they will be set at their most economical levels. 

6.6.3 Informal Analyses 

6.6.3.1 Normal Probability Plots 

The normal probability plots for the In(52) response and the Y response for the average 

time in the system measure are shown in Figures 6.13 and 6.14, respectively. The ordered 

effects that were plotted on normal probability paper are shown in Tables 6.26 and 6.27. 

The effect estimates were calculated using Yates' algorithm. The results from applying 

Yates' algorithm to the !n(S:!) response for the average time in the system performance 

measure are displayed in Table 6.28 and those for the Y response are found in Table 

6.31. 
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Table 6.26: Ordered Effects - InS'! Response for Average Time in the System 

OrderU) Effect Estimate U-·5)/7 
7 A 6.40585 0.92857 
6 C 0.26467 0.78571 
5 B 0.24471 0.64286 
4 E -0.07191 0.50000 
3 0 -0.09667 0.35714 
2 ABC -2.24940.1- 0.21429 
1 F -2.85324 0.07143 

Table 6.27: Ordered Effects - Y Response for Average Time in the System 

OrderU) Effect Estimate U-·5)/7 
7 F 93.10348 0.92857 
6 C 1.46294 0.78571 
5 E -0.50433 0.64286 
4 0 -5.46509 0.50000 
3 B -5.64095 0.35714 
2 ABC -91.96094 0.21429 
1 A -110.37768 0.07143 
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Figure 6.13: Normal Probability Plot for In(S2) for Average Time in the System· Machine 

Failure Model 
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Upon inspection of Figure 6.13, the nonnal probability plot for the In(S2) response, 

it is apparent that factors A and F and the ABC interaction are significant. with respect 

to the variance of the average time in the system perfonnance measure. From Figure 

6.14, the nonnal probability plot for the Y response, the controllable variables A and F 

and the ABC interaction appear significant with respect to the expected average time in 

the system. None of the other controllable variables appear significant with respect to 

the expected average time in system. In summary, the nonnal probability plots indicate 

that factors A and F and the ABC interaction affect both the variance and the mean of 

the average time in the system perfonnance measure. There are no factors that appear to 

affect the mean only. Thus, factors B, C, D. and E appear insignif..cant with respect to 

both the mean and the variance of the average time in the system perfonnance measure. 

Since factors A and F have large effects, one possible interpretation of the signif

icance of the ABC interaction effect is that this effect really reflects the AF interaction 

effect. From the defining relation I = -BCF, it is apparent that AF = -ABC. If this inter

pretation is correct, then the A and F effects are merely marginal effects. The effect of 

interest in detennining the best system design then would be the AF interaction effect. If 

the conclusions from the effect graphs and the formal analyses are consistent with those 

from the nonnal prabability plots, then the effect of importance will be the AF interaction 

effect. In light of this observation, the ABC interaction will be labeled AF interaction 

in the remaining tables displaying the analysis results for the average time in the system 

perfonnance measure. 

6.6.3.2 Effect Graphs 

Figure 6:15 contains the effect graphs for the In(S2) response and Figure 6.16 displays the 

effect graphs for the Y response for the average time in the system perfonnance measure. 
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From Figure 6.15 it appears that factors A and F significantly affect the variance of 

the average time in the system measure . These results are consistent with those of the 

normal probability plots. 

Figure 6.16 indicates that factors A and F also affect the mean time in the system. 

But, it looks as if no other factors affect the mean. Since factors B, C, D, and E appear 

insignificant with respect to either the mean or the variance of the measure average time 

in the system, they should be set at their most economical settings. Figures 6.17 and 

6.18 are the effect graphs for the AF interaction effect for the In(S2) and Y responses, 

respectively, for the average time in the system performance measure. 

Upon inspection of these graphs, it appears that the AF interaction effect is sig

nificant. Thus, the settings for factors A and F which jointly minimize the variance of 

the measure average time in system will be based on these plots. The +- settings are 

those which both minimize the variance and minimize the mean of the measure average 

time in the system. For the job shop problem, this means that the mean and variance of 

average time in the system are minimized when factor A is set at its high level and factor 

F is set at its low level. Within the context of the job shop problem this means that to 

minimize jointly both the mean and the variance of the average time a part spends in 

the job shop, the number of machines at station one should be set at four and the queue 

discipline should be set at shortest processing time (spt) . 

In summary, the joint results from the normal probability plots and the effect graphs 

indicate that the following system design is a good system design: four machines at 

station one, three machines at station two, three machines at station three, four machines 

at station four, two transporter devices, and the shortest processing time queue discipline. 

The following section presents the results from the formal analysis. 
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Table 6.28: Yates' Algorithm for the 2~Il Fractional Factorial Design for the In(S2) 

Response for Average Time in the System 

Treatment Estimate of Effect 
Combination Response ( 1) (2) (3) 2 x (3)/26 - 3 

(1) 7.04648 9.91179 25.04064 49.02259 12.25565 
a 2.86531 15.12885 23.98195 -25.62341 6.40585 
b 11.80778 15.08893 -12.66788 -0.97885 0.24471 
ab (d=-ab) 3.32107 8.89302 -12.95553 0.38667 0.09667 
c 11.95640 -4.18117 5.21706 -1.05869 0.26467 
ac (e=-ac) 3.13253 -8.48671 -6.19591 -0.28765 0.07191 
bc (f=-bc) 6.51234 -8.82387 -4.30554 -11.41297 2.85324 
abc (af=-abc) 2.38068 -4.13166 4.69221 8.99775 2.24944 

6.6'" Formal Analysis 

6.6 .... L Yates' Algorithm for the In(S2) Response for Average Time in the System 

Yates' algorithm was first applied to the output data for the In(S2) response for the 

average time in the system perfonnance measure. The column in Table 6.28 labeled (3) 

shows the contrast for each factor. The crmtrasts will later be used to calculate the sum 

of squares for each of the factors in the analysis of variance. 

6.6 .... 2 Analysis of Variance for the In(S2) Response for Average Time in the System 

The sums of squares for each of the factors was calculated by (contrast)2/26 - 3, where 

the contrast is the calculation in the column labeled (3) in Table 6.28. To obtain a pure, 

unbiased estimate of error, four replicates of the following center point system design 

were run: (Design 9: 3 4 4 5 2 spt). That is, the center point system design contains 

three machines at station one, four machines at station two, four machines at station three, 
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five machines at station four, two transporters, and the shortest processing time queue 

discipline. Table 6.29 displays the output for each of the center point system designs. 

The first entry in each cell is the average over five replicates of the measure average 

time in system. That is, the first entry in each cell is Y = 2:;=1 YjiJ /5. The second entry 

in each cell is the sample variance of this measure over each of the five replicates. That 

is, the second entry in each cell is S2
iJ = 2:;=l(YjiJ - y)2/4. The value for this measure 

which is the maximum sample variance for each replicate of the center point system 

design is marked with an asterisk. 

For each replicate of the center point system design, three performance statistics 

were calculated. The last entries in each row of the table are the three performance 

statistics. The first statistic, Zm((]9), is the sample mean of the average time in the system 

performance measure calculated over the noise space for each replicate of the center point 

system design. The calculation for Zm(B9) is Y = [2:}~1 2:;=1 YjiJ]/60, for each of the 

four replicates of the center point system design. The second statistic, Zv({}9), is the 

natural logarithm of the sample variance of average time in the system calculated over 

the noise conditions for each replicate. The calculation for Zv(B9) is the natural logarithm 

of the sample variance, where the sample variance is S2 = [2:}:l E;=I(y/J 
- y)2]/59, 

for each of the four replicates. The third statistic, Zma;z:(f}9), is the natural logarithm of 

the maximum cell variance for each replicate of the center point system design. The 

calculation for Zma;z:( f}9) is In[max(S2iJ )], where max(S2iJ ) is the maximum cell sample 

variance for each of the four replicates. 

The calculations for the center point system design were carried out with five 

significant digits to the right of the decimal point. All of the numbers dislayed in Table 

6.29, however, were rounded to accommodate the size of the table. 
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Table 6.29: Schematic for Center Point System Design - Machine Failure Model - Per

fonnance Measure (Y): Average Time in the System 

I: ,. J: ~: s: 6: 7: N: 9: Ill: II: I~: 

11.6 o.~ 0.6 0.6 o.~ 0.6 0.6 0.6 o.~ u.~ u.~ IH 
l.S 5.5 3.5 5.5 5.5 3.5 S5 5.5 5.5 3.5 3.5 3.5 
5.0 5.0 7.0 5.0 7.0 7.0 5.0 7.0 7.0 7.0 5.5 5.5 
B 5.5 5.5 7.5 5.5 7.5 7.5 5.5 7.5 7.5 7.5 5.5 
7.5 5.5 5.5 5.5 7.5 5.5 7.5 7.5 5.5 7.5 7.5 5.5 
9.5 9.5 7.5 7.5 7.5 9.5 7.5 9.5 9.5 7.5 9.5 7.5 

2.soo 2.soo 2.soo I~ I~ I.wO 2.wo I~ 2.wo 2.wo l.soo l.soo 
ABCDEF 90 120 120 120 90 90 90 120 90 120 90 120 

3~452'1'1 U07 36.81 ~1.92 36.76 39A2 ~7.01 38.80 ~1.31 41.33 47.12 46.07 3R.55 ZIIL(~r)0041.5155 
repl 0.046 0.030 0.044 0.045 0.074 0.069 0.055 0.109' 0.041 0.094 0.042 0.020 Zv(lIf)oo2.54767 

Z"",,, (9r)oo·2.2I 

3445 2 '1'1 43.15 36.79 41.95 36.69 39.31 47.19 38.79 41.31 41.35 47.24 46.18 3R.63 Z",(9~)0041.5516 
repl 0.203 0.042 0.119 0.039 0.049 0.213 0.043 0.038 0.066 0.358 • 0.153 0.OH8 Zv(lIi')..2.SR791 

Zm .. ,,(lIi)oo·1.02 

34452'1'1 43.13 36.99 41.98 36.91 39.67 47.16 39.00 41.57 41.63 47.31 46.17 3R.62 Z IlL I 'I?)0041.6749 

rep3 0.030 0.096 0.044 0.117 0.121 0.145 0.096 0.201 0.171 0.C64 0.125 0.022 
,,, 

Z v (~j ,..2.S40ij6 

Z """,(f1j)oo.o.1J7 

34452'1'1 43.28 37.01 42.34 36.93 39.60 47.35 38.99 41.51 4162 47.53 46.29 3R.64 Z",(~~)0041.7S64 
repol 0.006 0.026 0.077 0.019 0.027 0.121 • 0.022 0.026 0.027 0.070 0.026 0.002 Z v (I/~ )002.5R283 

Zrn",,1.1I9 )OO.2.11 

The sum of squares for error was then calculated by 'E7=I(Yi - y)2, where Yi is 

Zv({i?), for each of the four replicates and Y is the average over the four replicates of 

Zv({ii). The four replicates yielded three degrees of freedom for error. It was discov

ered, however, that the variance at the center of the design is very small. The F-ratios 

were, thus, considerably inflated. Since it appears the assumption of constant variance is 

violated for the In(S2) response, the analysis of variance results will be discussed with 

respect to the relative magnitude of the effect sums of squares. Table 6.30 displays the 

ANOVA results. 

Judging by the relative magniture of the sums of squares, factors A and F and 

the AF interaction account for most of the variability in the model associated with the 

variance of average time in the system. These results are consistent with those found in 

the infonnal analysis. 
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Table 6.30: Analysis of Variance for the 1n(52 ) Response for Average Time in the System 

Source of Variation Sum of Squares 
Factor A 82.06989 
Factor B 0.11977 
Factor C 0.14010 
Factor D 0.01869 
Factor E 0.01034 
Factor F 16.28199 
AF Interaction 10.11994 
Total 108.76072 

Table 6.31: Yates' Algorithm for the 2~[1 Fractional Factorial Design for the Y Response 

for Average Time in the System 

Tre.utment Estimate of Effect 
Combination Response (1) (2) (3) 2 x (3)/ i-3 

(1) 63.59837 102.81058 380.54621 766.94419 191.73605 
a 39.21221 277.73563 386.39798 -441.51073 -110.37768 
b 237.55675 291.94342 -221.76403 -22.56381 -5.64095 
ab (d=-ab) 40.17888 94.45456 -219.74670 21.86035 5,46509 
e 249.62140 -24.38616 174.92505 5.85177 1.46294 
ac (e=-ae) 42.32202 -197.37787 -197.48886 2.01733 0.50433 
be (f=-bc) 53.45094 -207.29938 -172.99171 -372.41391 -93.10348 

6.604.3 Yates' Algorithm for the Y Response for Average Time in the S)'stem 

Table 6.31 displays the results of Yates'algorithm for the Y response, the expected mean 

time in system calculated over the set of noise conditions. 
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Table 6.32: Analysis of Variance for the }." Response for Average Time in the System 

Source of Variation Sum of Squares 
Factor A 24366.46559 
Factor B 63.64069 
Factor C 4.28040 
Factor D 59.73436 
Factor E 0.50870 
Factor F 17336.51505 
AF Interaction 16913.62989 
Total 58744.77468 

6.6.4,4 Analysis of Variance for the Y Response for Average Time in the System 

The sum of squares for the factors were calculated by (contrast)2/26 - 3where the values 

for each contrast are those displayed in the column labeled (3) in Table 6.31. The sum of 

squares for error was calculated by I:t=lO'i - YY, where Yi is Zm(f)t), for each replicate 

and Y is the mean of Zm(B?) calculated over the four replicates. Again, the variance at 

the center point was very small. The F-ratios, thus, were inflated. Since the assumption of 

constant variance was violated for the Y response, the observations from the analysis of 

variance will be discussed with respect to the relative magnitude of the sums of squares. 

Table 6.32 displays the results of the analysis of variance for the Y response. 

In view of the relative magnitude of the sums of squares, it appears that factors 

A and F and the AF interaction have an impact on the expected average time in the 

system. Thus, the AF interaction effect appears to be the important effect. These results 

are consistent with those of the informal analysis for the response Y. the mean of the 

average time in the system performance measure calculated over the noise conditions. 
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6.6.5 Disscussion of Results for the Expected Performance Analysis for the Machine 

Failure Model 

The expected performance analysis was conducted to determine which controllable vari

ables affected the expected system performance over the noise conditions for the average 

time in the system performance measure. Both the informal and formal analyses for the 

expected performance analysis yielded the same results. 

Since the AF interaction effect is the important effect, the best system design will 

be determined by the levels of the AF interaction that minimize both the mean and the 

variance of the average time in the system measure. The results from the worst perfor

mance analysis will be documented in the following sections. If the conclusions from 

the worst performance analysis are consistent with those from the expected performance 

analysis, then confinning simulations will be run for the system design deemed best from 

the' combined results. If the conclusions from the two analyses differ, then confinning 

simulations will be run for the best system design suggested by each of these analyses, 

6.6.6 "Vorst Performance Analysis for the Average Time in the S)'stem for the 

Machine Failure Model 

Both informal and formal analyses were performed on the In[max(S2)] response for the 

average time in the system performance measure. For each system design, the row entry 

in Table 6.25 marked with an asterisk is the maximum cell variance for that particular 

system design. A natural logruithm transformation was then applied to the maximum 

cell sample variance for each system design. The worst performance analysis will be 

completed by combining the results from the analyses on the In[max(S2)] response with 

the results from the analyses on the Y response from the expected performance analysis. 
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Table 6.33: Ordered Effects - In[max(S2)] Response for Average Time in the System 

OrderU) Effect Estimate U-·5)/7 
7 F 3.72863 0.92857 
6 D -0.00256 0.78571 
5 E -0.09914 0.64286 
4 C -0.29322 0.50000 
3 B -0.85285 0.35714 
2 AF -1.58250 0.21426 
1 A -9.73135 0.07143 

6.6.7 Informal Analyses 

6.6.7.1 Normal Probability Plots 

The ordered effects plotted on nonnal probability paper for the In[max(S2)] response for 

the average time in system perfonn2I1ce measure are shown in Table 6.33. The effect 

estimates were calculated using Yates' algorithm, which is shown in Table 6.34. 

Figure 6.19 shows the nonnal probability plot for the In[max(S2)] response. Factors 

A and F appear significant, but these affects are only marginal effects because of the 

significant AF interaction effect. 

6.6.7.2 Effect Graphs 

Figure 6.20 contains the effect graphs for the In[max(S2)] response. From this figure it 

appears that factors A and F significantly affect the maximum cell variance of the average 

time in the system measure. Again, however, these effects are only marginal effects since 

the AF interaction effect shown in Figure 6.21 is significant. The AF interaction yields 

the smallest value for In[max(S2)] when A and F are set at levels +-. \Vithin the context 
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Table 6.34: Yates' Algorithm for the 21iJ Fractional Factorial Design for the In[max(S2)] 

Response for Average Time in the System 

Treatment Estimate of Effect 
Combination Response (1) (2) (3) 2 x (3)/26 - 3 

(1) 6.73679 5.22303 16.19762 31.22237 7.80559 
a -1.51376 10.97459 15.02475 -38.92539 -9.73135 
b 11.19251 12.09385 -19.66098 -3.41139 -0.85285 
ab (d=-ab) -0.21792 2.93090 -19.264~H 0.01025 0.00256 
e 11.65556 -8.25055 5.75156 -l.17287 -0.29322 
ae (e=-ae) 0.43829 -11.41043 -9.16295 0.39657 0.09914 
be (f=-be) 5.48902 -11.21727 -3.15988 -14.91451 -3.72863 
abc (af=-abe) -2.55812 -8.04714 3.17013 6.33001 1.58250 

of the jobshop problem, this means that to minimize the maximum cell variance of the 

average time a part spends in the job shop, the number of machines at station one should 

be set to four and the queue discipline should be set to shortest processing time. 

Combining these results with those for the Y response, the best system configuration 

appears to be the following: four machines at station one, three machines at station two, 

three machines at station three, four machines at station four, two transporter devices, 

and the shortest process inc time queue discipline. This is the same best system design 

found in the expected performance analysis also. 

6.6.8 Formal Analysis 

6.6.8.1 Yates' Algorithm for the In[max(S2)1 Response for Average Time in the 

S}'stem 

Table 6.34 displays the results from applying Yates' algorithm to the In[max(S2)] response 

for the performance measure average time in the system. 
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Table 6.35: Analysis of Variance for the In[max(S2)] Response for Average Time in the 

System 

Source of Variation Sum of Squares Degrees of Freedom Mean Square Fo 
Factor A 189.39825 1 189.39825 416.51315' 
Factor B 1.45470 1 1.45470 3.19909 
Factor C 0.17195 1 0.17195 0.37814 
Factor D 0.00001 1 0.00001 0.00002 
Factor E 0.01966 1 0.01966 0.04324 
Factor F 27.80533 1 27.80533 61.14780~ 

AF Interaction 5.00863 1 5.00863 11.01468-
Error 1.36417 3 0.45472 
Total 225.22270 10 

6.6.8.2 Analysis of Variance for the In[max(S2») Response for Average Time in the 

System 

Once again, the sum of squares for each of the factors was calculated by (contrast)2 /26
- 3 , 

where the contrast is the calculation in the column labeled (3) in Table 6.34. An unbiased 

estimate of error was obtained from the four replicates of the center point system design. 

The third performance statistic for each replicate of the center point system design dis

played in Table 6.29 was used to calculate the sum of squares for error. That is, the sum 

of squares for error was calculated by Lt=lOi - y)2, where }'i is Zma;z:( Or) for each of 

the four replicates and Y is the average over the four replicates of Zma;z:(Oi). The four 

replicates yielded three degrees of freedom for error. Table 6.35 displays the ANaYA 

results for the In(max(S2)] response for the perfonnance measure average time in system. 

Judging by the relative magnitude of the F-ratios, even though factors A and F 

account for the majority of the variability of the maximum cell variances, the AF interac

tion cannot be ignored. The F-ratio for the AF interaction appears relatively large enough 

to consider this interaction significant. In light of the results of the informal analyses, it 
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appears that the AF interaction effect is the important significant effect with respect to 

the In[max(S2)] response for the average time in the system perfonnance measure. 

6.6.9 Discussion of Results for the \Vorst Performance Analysis for the Machine 

Failure Model 

The conclusions from both the expected perfonnance analysis and the worst performance 

analysis are consistent and identical, as was true for the machine maintenance model. 

And, as was true with the machine maintenance model, this is not surprising. Upon 

inspection of the output data for the machine failure model displayed in Table 6.25, some 

of the system designs were highly sensitive to changes in the input parameter values 

while other system designs were not. 

The system designs that were the most sensitive to changings in the settings of 

the noise variables also had a maximum cell variance that was significantly larger than 

the maximum cell variance of system designs which were not sensitive to changes in the 

settings of the noise variables. In general, three noise conditions were responsible for 

the majority of variability for the system designs that were highly sensitive to changes 

in the settings of the noise variables. For example, system designs four and six had a 

large variance for the average time in the system performance measure over the set of 

noise conditions. From Table 6.25 it is apparent that noise sets three, six, and ten were 

responsible for the majority of this variability. Noise set ten produced the maximum cell 

variance for system design four and noise set three produced the maximum cell variance 

for system design six. Within the context of these observations, it should not appear 

unusual that the same results were observed from both an expected perfonnance analysis 

and a worst performance analysis. 
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The remaining sections will report the output data and discuss the analyses con

ducted for the machine failure model when the objective is to maximize the average 

weekly throughput. 

6.7 Machine Failure Model - Objective: Maximize Average 'Veekly Throughput 

For the objective of maximizing average weekly throughput associated with the machine 

failure model, the following sections will include: the output data, informal analyses 

(normal probability plots and effect graphs) for both the expected performance analysis 

and the worst performance analysis, and a formal analysis (ANOVA) for both the expected 

performance analysis and the worst performance analysis. The three responses of interest 

in the analyses for the average weekly throughput performance measure were In(S2}, 

In[max(S2)], and Y. 

6.7.1 Output Data 

Table 6.36 displays the output data for the machine failure model in which the perfor

mance measure is average weekly throughput. Each system design under each noise con

dition produced five realizations of this measure. The measure average weekly through

put, Y IJ, is the average number of parts that finish processing during weeks three through 

ten. The first entry in each cell of Table 6.36 represents the average weekly throughput 

calculated over five replicates. That is, the first entry in each cell is }" = 2::;=1 y/J /5. The 

second entry in each cell is the sample variance of average weekly throughput calculated 

over five replicates. That is, the second entry in each cell is S2[J = 2::;=1 (y/J - y)2/4. 

The maximum cell sample variance for each system design is marked with an asterisk. 
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For each system design, three performance statistics were calculated. The last 

entries in each row of Table 6.36 are the three performance statistics. The first statistic, 

Zm(l}I), is the sample mean of the performance measure average weekly throughput 

calculated over the set of noise conditions for system design I. The calculation for 

ZmUjI) is Y = [L~:I L;=I },/J1/60, for each I. The second statistic, Zv«(}I), is the natural 

logaritlun of the sample variance of the performance measure average weekly throughput 

calculated over the set of noise conditions for system design I. The calculation for 

Zv«(}I) is the natural logaritlun of the sample variance, where the sample variance is 
-I 

S2 = [L~:I L~=IO}J - y )2]/59, for each I. The third statistic, Zma;r:«(}I), is the natural 

logaritlun of the maximum cell sample variance for system design I. The calculation 

for Zma:r:C(}I) is the naturallogaritlun of the maximum cell sample variance, max(S2
IJ ), 

where S2
IJ = L;=IO,/J - y)2/4. 

> 
Upon inspection of the output data in Table 6.36, it appears as if the variability in the 

expected mean weekly throughput is due to the mean interarrival time, not the particular 

system design run. The expected number of part arrivals per hour is approximately 17.14 

when the mean interarrival time is 3.5 minutes and approximately 10.91 when the mean 

interarrival time is 5.5 minutes. The number of hours per week of jobshop operation 

for the machine failure model is 80 hours. Thus, ~hen the mean interarrival time is 3.5 

minutes, the expected average weekly throughput is 1371.2 parts per week (l7.14 x 80). 

When the mean interarrival time is 5.5 minutes, the expected average weekly throughput 

is 872.8 parts per week (10.91 x 80). 

Upon inspection of the columns in Table 6.36 in which the noise variable mean 

interarrival time is 3.5 minutes (columns 1, 3, 6, 10, 11, and 12), it is apparent that the 

expected average weekly throughput does not deviate much from 1371 parts per week 

for all system designs. Upon inspection of the columns in which the noise variable mean 

interarrival time is 5.5 minutes (columns 2, 4, 5, 7, 8, and 9), it is apparent that the 
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expected average weekly throughput does not deviate much from 872 parts per week for 

all system designs. The reason these numbers are not 1371 and 872 precisely is because 

there are parts still being processed when the simulation ends. 

As was true for the machine maintenance model, the stopping rule employed in 

the simulation program is to end the simulation after 10 weeks have elapsed. Thus, the 

difference between the expected value for average weekly throughput and the observed 

values for average weekly throughput can be attributed to the stopping rule employed. 

When the simulations end, there are parts that have arrived that are still being processed. 

If the stopping rule had been to clear out the shop after 10 weeks have elapsed, then the 

parts that are currently not counted in the average weekly throughput calculation would 

most likely bring this count to the expected value for average weekly throughput. 

From the raw data, then, it appears as if the system designs run do not affect 

the average weekly throughput. Average weekly throughput appears to be affected by 

mean interarrival times only. If the informal and fonnal analyses confirm this initial 

speculation, the implications regarding the effect of employing the reverse simulation 

technique may be promising. 

6.7.2 Expected Performance Anal~'sis for Average \Veekly Throughput for the :\Ia

chine Maintenance Model 

6.7.3 Informal Analyses 

The informal analyses conducted for the performance measure average weekly throughput 

include both normal probability plots and effect graphs. The two responses for the 

expected performance analysis are In(S2) and Y for average weekly throughput. 
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Table 6.37: Ordered Effects - In(S2) Response for Average Weekly Throughput 

OrderU) Effect Estimate U-·5)/7 
7 A 0.01747 0.92857 
6 D 0.00835 0.78571 
5 B 0.00823 0.64286 
4 E 0.00786 0.50000 
3 C 0.00617 0.35714 
2 F 0.00475 0.21429 
1 ABC 0.00466 0.07143 

Table 6.38: Ordered Effects - Y Response for Average Weekly Throughput 

OrderU) Effect Estimate U-·5)/7 
7 A 0.95010 0.92857 
6 D 0.10011 0.78571 
5 B -0.12510 0.64286 
4 C -0.30635 0.50000 
3 E -0.32698 0.35714 
2 ABC -0.44573 0.21429 
1 F -0.59594 0.07143 

6.7.3.1 Normal Probability Plots 

The nonnal probability plots for the In(S2) and Y responses for the average weekly 

throughput perfonnance measure are shown in Figures 6.22 and 6.23, respectively. The 

ordered effects that were plotted on nonnal probability paper are displayed in Tables 6.37 

and 6.38. The effect estimates were calculated using Yates' algorithm. The results from 

applying Yates' algorithm to the In(S2) response can be found in Table 6.39 and those 

for the Y response can be found in Table 6.42. 

From Figures 6.22 and 6.23, it is apparent that all of the effects appear negligi

ble with respect to both the mean and the variance of the average weekly throughput 
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Figure 6.22: Nonnal Probability Plot for In(S'.:!) for Average \Veekly Throughput - Ma

chine Failure Model 
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Figure 6.23: Nonnru Probability Plot for Y for Average Weekly Throughput - Machine 

Failure Model 
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perfonnance measure. The effects all lie on a straight line centered around zero. 

6.7.3.2 Effect Graphs 

Figure 6.24 contains the effect graphs for the InCS2) response and Figure 6.25 displays 

the effect graphs for the response Y. It is apparent from both of these graphs that none 

of the controllable variables is significant with respect to either the mean or the variance 

of the average weekly throughput. 

If the remaining a...nalyses confirm the results of these preliminary analyses, one 

possible interpretation is that the reverse simulation technique finds stable systems. This 

notion will be explored further after all of the analysis results have been reported. 

6.7.4 Formal Analysis 

6.7.4.1 Yates' Algorithm for the In(S2) Response for Average \Veekly Throughput 

Table 6.39 displays the results from Yates' algorithm for the lnCS2) response for average 

weekly throughput. The contrasts in the column labeled (3) will be used to calculate the 

sums of squares for the analysis of variance. 

6.7.4.2 Analysis of Variance for the In(S2) Response for Average Weekly Through

put 

The sum of squares for each of the factors was calucated by Ccontrast)2j26- 3, where the 

contrast is the calculation in the column labeled (3) in Table 6.39. The sum of squares 

for error was calculated from four replicates of the center point system design: (Design 
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Figure 6.24: Effect Graphs for In(S<!) for Average Weekly Throughput - Machine Failure 

Model 
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Model 
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Table 6.39: Yates' Algorithm for the 2111 Fractional Factorial Design for the In(S2) 

Response for Average Weekly Throughput 

Treatment Estimate of Effects 
Combination Response (1) (2) (3) 2 x (3)/26- 3 

(1) 11.00076 22.03986 44.10566 88.23598 22.05900 
a 11.03910 22.06580 44.13032 0.06988 0.01747 
b 11.-2674 22.06168 0.05066 0.03290 0.00823 
ab (d=-ab) 11.03906 22.06864 0.01922 -0.03340 -0.00835 
c 11.02419 0.03834 0.02594 0.02466 0.00617 
ae (e=-ac) 11.03749 0.01232 0.00696 -0.03144 -0.00786 
be (f=-bc) 11.03136 0.01330 -0.02602 -0.01898 -0.00475 
abc 11.03728 0.00592 -0.00738 0.01864 0.00466 

9: 3 4 4 5 2 spt). Table 6.41 displays the output for each of the four replicates of 

this center point system design. The first entry in each cell is the average over five 

replicates of the average weekly throughput measure. That is, the first entry in each cell 

is Y = 2:;-1 't/ J / 5. The second entry in each cell is the sample variance of the measure 

average weekly throughput calculated over the five replicates. That is, the second entry 

in each cell is S2 IJ = 2:;=1 (r/ J - },? /4. The maximum cell sample variance for each 

replicate of the center point system design is indicated with an asterisk. 

For each replicate of the center point system design, three pert'ormance statistics 

were calculated. The last entries in each row of the table are the three performance 

statistics. The first statistic, ZmC(9), is the sample mearI of the average weekly throughput 

performance measure calculated over the noise space for each replicate of the center point 

system design. The calculation for ZmC(9) is V = 2:~:1 L~=I ljlJ /60, for each of the four 

replicates of the center point system design, The second statistic, Zt.«()9), is the natural 

logmithm of the s,unple vmiance of the average weekly throughput performance measure 

calculated over the set of noise conditions for each replicate of the center point system 

design. The calculation for Zu(B9) is the natural logarithm of the sample variance. where 
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Table 6.40: Analysis of Variance for the In(S2) Response for Average Weekly Throughput 

----
Source of Variation Sum of Squares Degrees of Freedom Mean Square Fo 
Factor A 0.00061 1 0.00061 1.03390 
Factor B 0.00014 1 0.00014 0.23729 
Factor C 0.00008 1 0.00008 0.13559 
Factor D 0.00014 1 0.00014 0.23729 
Factor E 0.00012 1 0.00012 0.20339 
Factor F 0.00005 1 0.00005 0.08475 
Factor ABC 0.00004 1 0.00004 0.06780 
Error 0.00178 3 0.00059 
Total 0.00296 10 

the sample variance is S2 = L~:'t L}_tOjIJ -- y)2/59, for each of the four replicates. The 

third statistic, Zma:z:(B9), is the natural logarithm of the maximum cell variance for each 

replicate of the center point system design. The calculation for Zma:z:(B9) is In[max(S2)], 

where max(S2) is the maximum cell sample variance for each replicate. 

The sum of squares for error for the InSe) response for average weekly throughput 

was calculated by L:7=t(Yi - y)2, where Yi is Zv(B?) for each of the four replicates and 

Y is the average over the four replicates of Zv(B?). The four replicates yielded three 

degrees of freedom for error. Table 6.40 displays the ANOVA results. 

None of the controllable variables appears significant with respect to the variance 

of the average weekly throughput perfonnance measure. 

6.7.4.3 Yates' Algorithm for the Y Response for Average Weekly Throughput 

Table 6.42 displays the results of Yates' algorithm for the expected mean weekly through

put response calculated over the set of noise conditions. 
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Table 6.42: Yates' Algorithm for the 2111 Fractional Factorial Design for the Y Response 

for Average Weekly Throughput 

Treatment Estimate of Effect 
Combination Response (1) (2) (3) 2 x (3)/26- 3 

(1) 1118.23750 2236.75250 4472.06291 8942.90043 2235.72511 
a 1118.51500 2235.31041 4470.82752 3.80041 0.95010 
b 1117.17083 2234.94792 1.24625 -0.50041 -0.12510 
ab (d=-ab) 1118.13958 2235.88960 2.55416 -0.40043 -0.10011 
c 1116.56250 0.27750 -1.44209 -1.22539 -0.30635 
ac (e=-ac) 1118.38542 0.96875 0.94168 1.30791 0.32698 
be (f=-bc) 1117.57917 1.82292 0.69125 2.38377 0.59594 
abc 1118.31042 0.73124 -1.09168 -1.78293 -0.44573 

6.7.-1'" Analysis of Variance for the }.- Response for Average \Veekly Throughput 

The sum of squares for error was calculated using results from the four replicates of the 

center point system design. For each replicate the expected average weekly throughput, 

ZmUJ?), was calculated. The sum of squares for error was calculated by 'Lt=lO'i _ y)2, 

where }i is ZmCa?) for each replicate and Y is the mean of Zm(a;) calculated over the 

four replicates. Table 6.43 displays the results of the analysis of variance for the Y 

response for the average weekly throughput performance measure. 

In accordance with the informal analyses, this formal analysis indicates that none of 

the controllable variables is significant with respect to the mean average weeky throughput 

performance measure. The following sections contain the results of the worst performance 

analysis. 
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Table 6.43: Analysis of Variance for the Y Response for Average Weekly Throughput 

Source of Variation Sum of Squares Degrees of Freedom Mean Square Fo 
Factor A 1.80539 1 1.80539 0.13582 
Factor B 0.03130 1 0.03130 0.00235 
Factor C 0.18770 1 0.18770 0.01412 
Factor D 0.02004 1 0.02004 0.00151 
Factor E 0.21383 1 0.21383 0.01609 
Factor F 0.71029 1 0.71029 0.05344 
Factor ABC 0.39735 1 0.39735 0.02989 
Error 39.87751 3 13.29250 
Total 43.24341 10 

6.7.5 'Worst Performance Anal),sis for Average \Veekly Throughput for the \Ia

chine Failure Model 

Both infonnal and formal analyses were conducted for the response In[max(S2)] for the 

average weekly throughut performance measure. For each system design, the row entry 

in Table 6.41 marked with an asterisk is the maximum cell variance for that particular 

system design. A natural logarithm transformation was then applied to the ma.ximurn 

cell sample variance for each system design. The results from the average performance 

analysis for the V response will be combined with the results of the analyses of the 

In[max(S:!)] response to complete the worst performance analysis for the average weekly 

throughput performance measure. 
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Table 6.44: Ordered Effects - In[max(52)] Response for Average Weekly Throughput 

OrderU) Effect Estimate U-·5)/7 
7 ABC 0.39482 0.92857 
6 F 0.22110 0.78571 
5 C 0.14535 0.64286 
4 B 0.04691 0.50000 
3 E -0.07744 0.35714 
2 D -0.15226 0.21429 
1 A -0.19138 0.071-1J 

6.7.6 [nformal Analyses 

6.7.6.1 ;\Iormal Probability Plots 

Figure ,~.26 displays the ordered effects piotted on nOlmal probability paper for the 

In[max( 52)] response for the average weekly throughput performance measure. Table 

6.44 shows the ordered effect estimates. TIle effect estimates were calculated using 

Yates' algorithm. The results from Yates' algorithm can be found in Table 6.45. 

Upon inspection of Figure 6.26, is it apparent all of the effects fallon a straight line 

centered around zero. TIlese results are consistent with those of the expected performance 

analysis. It appears as if none of the controllable variables is significant with respect to 

the maximum variance of the performance measure average weekly throughput. 

6.7.6.2 Effect Graphs 

Figure 6.27 displays the effect graphs for the In[max(S2)] response for the average weekly 

throughput performance measure. From these graphs it appears as if none of the con

trollable variables is significant with respect to the ma..ximum variance of average weekly 
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Figure 6.26: Normal Probability Plot for Average Weekly Throughput - the Machine 

Failure Model 
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Figure 6.27: Effect Graphs for In[ma.x(S<!)] for Average \Veekly Throughput - tvlachine 

Failure Model 
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Table 6.45: Yates' Algorithm for the 21iJ Fractional Factorial Design for the In[max(S2)] 

Response for Average Weekly Throughput 

Treatment Estimate of Effect 
Combination Response (1) (2) (3) 2 x (3)/26- 3 

( 1) 4.89243 9.75861 20.05323 40.68786 10.17197 
a 4.86618 10.29462 20.63463 -0.76552 -0.19138 
b 5.40300 10.49150 -0.53763 0.18764 0.04691 
ab (d=-ab) 4.89162 10.14313 -0.22789 0.60902 0.15226 
c 5.57626 -0.02625 0.53601 0.58140 0.14535 
ac (e=-ac) 4.91524 -0.51138 -0.34837 0.30974 0.07744 
be (f=-bc) 4.85500 -0.66102 ·0.48513 -0.88438 -0.22110 
abc 5.28813 0.43313 1.09415 1.57928 0.39482 

throughput. Once again, these results are consistent with those found in the expected 

performance analysis. 

6.7.7 Formal Analysis 

6.7.7.1 Yates' Algorithm for the In[max(S2)1 Response for Average Weekly Through

put 

Yates' algorithm was first applied to the output data for the In[max(S2)] response for the 

average weekly throughput performance measure. Table 6.45 displays the results. 

6.7.7.2 Anal),sis of Variance for the In[max(S2») Response for Average \Veekly 

Throughput 

The sum of squares for each of the factors was calculated by (contrast)2 /26
- 3, where the 

contrast is the calculation in the column labeled (3) in Table 6.45. An unbiased estimate 
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Table 6.46: Analysis of Variance for the In[max(S2)] Response for Average Weekly 

Throughput 

Source of Variation Sum of Squares Degrees of Freedom Mean Square Fo 
Factor A 0.07325 1 0.07325 1.63140 
Factor B 0.00440 1 0.00440 0.09800 
Factor C 0.04225 1 0.04225 0.94098 
Factor D 0.04636 1 0.04636 1.03252 
Factor E 0.01199 1 0.01199 0.26704 
Factor F 0.09777 1 0.09777 2.17751 
ABC Interaction 0.31177 1 0.31177 6.94365 
Error 0.13470 3 0.04490 
Total 0.72249 10 

of error was obtained from the four replicates of the center point system design. The 

third perfonnance statistic for each replicate of the center point system design of Table 

6.41 was used to calculate the sum of squares for error. That is, the sum of squares 

for error was calculated by 2::t=1 (Yi - y)2, where ri is Zma:r:<f)~), for each of the four 

replicates and Y is the average over the four replicates of Zma:r:(f)[). The four replicates 

yield three degrees of freedom for error. Table 6.46 displays the ANOVA results. 

The ANOVA results indicate that none of the controllable variables is significant 

with respect to the maumum variance of the average weekly throughput perfonnance 

measure. These conclusions confonn with those of the infonnal analyses on the ma.ximum 

cell variance for average weekly throughput. 

6.7.8 Discussion of Results for the Machine Failure :\,-lodel 

The most prominent observations from the analyses conducted for the machine failure 

model are the same observations that were made for the machine maintenance model. 

None of the controllable variables is significant with respect to the average weekly 
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throughput perfonnance measure. Some of the system designs were highly sensitive 

to changes in the settings of the noise variables, while other system designs were not. 

The conclusions from both the expected perfonnance analysis and the worst perfonnance 

analysis were identical. And, the fonnal and infonnal analyses in all situationc;: yielded 

the same results. The implications of these observations will be discussed in Chapter 7. 

Of course, as should be expected, the system designs deemed best for the two mod

els were different. The controllable variables which affected the mean and the variance 

(as well as the maximum cell variance) of average time in the system were different for 

the two models. For the machine maintenance model, factors B and F affected the mean 

and the variance of average time in the system, factors A and C affected the mean only, 

and factors C and D were insignificant with respect to both the mean and the variance of 

average time in the system. For the machine failure model, the AF interaction was sig

nificant with respect to both the mean and the variance (and the maximum cell variance) 

for average time in the system; none of the other factors was significant. 

In the last section of this chapter, the output data for the confirming simulation 

runs for the machine failure model will be presented and the perfonnance of the system 

design deemed best will be discussed. 

6.8 Confirming Simulation Runs - Machine Failure Model 

6.8.1 Introduction 

The results of the expected perfonnance analysis' and the worst perfonnance analysis for 

the average time in the system perfonnance measure were identical. Thus, both analyses 

yielded the same suggested best system design. Five replicates of the best system design 
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were run under each set of noise conditions to observe the system performance with 

regard to both the primary and the secondary objectives. 

-Confinning simulations were run for the optimal design, a- = (4 3 342 8pt). That 

is, confinning runs were made to observe the performance of the system design with 

the following configuration: four machines at station one, three machines at station two, 

three machines at station three, four machines at station four, two transporters, and the 

shortest processing time queue discipline. Both the primary and secondary objectives 

were evaluated under the best system design. The primary objectives were minimize 

average time in the system and maximize average weekly throughput. The secondary 

objectives were minimize average number in queue and maximize resource utilizations. 

In the following sections, the output data produced by the best system design will 

be presented. In addition, a 95% confidence interval estimate will be constructed on the 

performance measures average time the in system and average weekly throughput. 

6.8.2 Output Data for the Best System Design - Mnchine Failure Model 

The performance measures that were investigated for a-:, the optimal system design, were: 

average time in the system, average weekly throughput, average number in queue for 

each machine station and the transporter (a total of 5 queues), and average utilization of 

machine stations and transporters (a total of 5 utilizations). Thus, there are p performance 

measures, where p = 1,2, ... ,12. 

The performance statistics that were calculated for each performance measure 

were: the grand mean calculated over the noise conditions, i.e., Y~ = 2:!l=1 2:;=1 l'jp/60, 

for each of the p performance measures and, the sample standard deviation of each 

perfonnance measure calculated over the noise conditions, i.e., Sp = J Sp 2, where 
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s/ = L:}:t L:;=t(Yj/J - }'~)2/59, for each p. Table 6.47 displays the perfonnance 

statistics for the best system design for the machine failure model. 

It is apparent from Table 6.47 that the secondary objectives are satisfied by the 

optimal system design. The average number in all of the queues is less than one. Also, 

in view of the short queues, the utilizations appear acceptable. If the utilizations had been 

higher, then the queue lengths would have been longer. For the machine failure model, 

both part types visited all four machining stations. Machine stations two and three had 

fewer machines than machine stations one and two. As is expected, the utilizations at 

stations two and three are greater than at stations one and two. The utilizations at stations 

two and three are 63% and 67%, respectively, compared to 42% and 60% for stations 

one and four. Despite the relatively high utilization of the two transporters (80%), the 

transporter queues still had, on the average, less than one part in queue . 

.. 

The expected average weekly throughput when the mean interarrival time is 3.5 

minutes is approximately 1371 parts, and the expected average weekly throughput when 

the mean interarrival time is 5.5 minutes is approximately 872 parts. The actual obseeved 

averages when the mean interarrival time is 3.5 and 5.5 minutes only deviate slightly from 

1371 and 872 parts, respectively. Since the perfonnance statistic Y for weekly throughput 

includes the throughput when both of these mean interarrival times occur, the expected 

average weekly throughput calculated over the noise conditions is (1371 +872)/2 = 1121.5 

parts. From Table 6.47 it can be seen that Yi = 1118.26667. The standard deviation is 

249 parts as would be expected. So, the best system design does appear to be a stable 

system design. 

In order to estimate roughly the average time a part would be expected to spend 

in the system if the part did not have to wait in any queues, both part types would have 

to be considered. If the expected processing times and traveling times for both part 
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Table 6.47: Perfonnance Statistics for Best System Design - Machine Failure Model 

Best System Design 43342 spt 
Performance Measures: Performance Statistics: 

Average Time in System Y1 = 43.45344 
SI = 5.07063 

Average Weekly Throughput Y2 = 1118.26667 
S2 = 249.48389 

Average Number in Queue 1 1') = 0.G5571 
S3 = 0.06050 

Average Number in Queue 2 l'~ = 0.33829 
S4 = 0.34513 

Average Number in Queue 3 Ys = 0.33508 
S5 = 0.33460 

Average Number in Queue 4 1'6 = 0.24592 
S6 = 0.24658 

Average Number in Transporter Queue Y7 = 0.08386 
S7 = 0.04338 

Average Utilization of Station 1 Y8 = 0.41716 
S8 = 0.05335 

Average Utilization of Station 2 ," 1'9 = 0.63112 
, S9 = 0.05733 

Average Utilization of Station 3 YIO = 0.67030 
SIO = 0.05786 

Averag~ Utilization of Station 4 Y11 = 0.60197 
Sl1 = 0.06132 

Average Utilization of Transporter Yl2 = 0.80355 
S12 = 0.11280 -_ ... 
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types is averaged, then a rough estimate of average time in the system with no waits 

is approximately 33 minutes. The average time in the system calculated over the noise 

space, ~, is approximately 43 minutes. This appears more than acceptable. 

In the following section, a confidence interval estimate is constructed for average 

time in the system and average weekly throughput for the best system design. 

6.8.3 Confidence Interval Estimates - Machine Failure Model 

A 95% confidence interval estimate of the form }-o ± tn-I.I-'~/J. "";n will be constructed for 

average time in the system .. md average weekly throughput. 

For the average time in the system in minutes, the calculations for the confidence 

interval are V = 43.45344, t59,0.0.975=1.985, and }n = 5.~?:3. Thus. a 95% confidence 

interval estimate of average time in the system in minutes is: 

43.45344 ± 1.20086 

[42.15,44.751· 

For average weekly throughput the calculations for the confidence interval are Y 

= 1118.26667, t51),0.975 = 1.985, and -$;; = :!.tl)J~81). Thus, a 95% confidence interval 

estimate of average weekly throughput is: 

1118.26667 ~ 63.933334 

[1054.33,1182.20]. 

In summary, the system design deemed best based on the optimization procedures 

employed for the machine failure model is a robust system design. The best system design 
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not only perfonned well with respect to optimization of the perfonnance measures used 

to evaluate the system design, but also was insensitive to changes in the input parameters. 

Because of the perfonnance of the model of the best system design, one would expect 

a real system configuration based on the best system design to perfonn reliably well in 

reality even if the values of system parameters, such as mean interarrival times and mean 

processing times, deviated somewhat from the precise specifications of the values used 

in the model. 
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Chapter 7 

CONCLUSIONS AND FUTURE RESEARCH 

7.1 Introduction 

The objectives of this research were to develop a strategy for finding robust system 

designs in discrete-event simulation and to construct a prototype simulation/expert system 

to test the efficacy of the proposed approach. The proposed design of experiments 

strategy was motivated by Taguchi's strategy for improving product and process quality 

in manufacturing. We believe the qUality of the recommendations made to management 

concerning system designs might also be improved if robust system designs could be 

found. In addition, we believe that simulation can be enhanced as an analysis tool if 

simulation techniques are coupled with artificial intelligence techniques. 

OUf proposed approach for designing and analyzing simulation experiments consists 

of three phases. The first phase involved determining the levels of the controllable vari

ables to be varied in the optimization stage of a simulation study. This phase involves a 

reverse simulation technique which was implemented by coupling the simulation program 

with an expert system. The goal of the reverse simulation technique was to find a feasible 

range of values for the controllable variables. This goal was achieved by dynamically 
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altering the levels of the controllable variables to satisfy system operating specifications. 

The system operating specifications were reflected in the rules of the expert system. 

The second phase consisted of constructing an experimental design plan for run

ning simulation experiments. The experimental design plan was a plan for designing 

simulation experiments in which the uncontrollable variables, i.e., the parameters of the 

input probability distributions in the model, were varied throughout the simulation exper

iments that were conducted. The goal of the proposed experimental design plan was to 

construct an experimental envirorunent in which the performance of each system design 

could be observed under various potential envirorunental noise conditions. Such a plan 

allows the analyst to search for robust system designs during the optimization stage of 

the simulation study. 

The third pha.se was the optimization phase during which analyses were performed 

on the output data of two models of a jobshop. The goal of this phase was to find, for 

each model, a robust system design. By a robust system design we mean a system design 

that produces "optimal" values for the performance measures of interest and which is not 

sensitive to changes in the values of the input parameters. 

Based on observations made as a result of implementing our proposed design and 

analysis strategy, we conclude that our proposed strategy has quite promising impli

cations. The most prominent observations from the analyses conducted for both the 

machine maintenance model and the machine failure model are the following. None of 

the controllable variables is significant with respect to the average weekly throughput 

performance measure. Some of the system designs were highly sensitive to changes in 

the settings of the noise v~';ables, while other system designs were not. The conclusions 

drawn from both the expected performance analysis and the worst performance analysis 

were identical. And the formal and informal analyses in all situations within each model 
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yielded the same results. Each of these obseIVations will be discussed separately in the 

following sections. 

7.1.1 Observation About the Reverse Simulation Technique 

There appears to be enough evidence to support a preliminary conclusion that the reverse 

simulation technique finds stable systems. By stable systems we mean system designs 

that produce the expected throughput given particular mean interarrival times. A total 

of 96 separate experiments were run for the machine maintenance model, including the 

center point system design experiments. A total of 144 separate experiments were run 

for the machine failure model, including the center point system design experiments. The 

mean throughput calculated over the five replicates run for each simulation experiment 

under each noise condition did not deviate significantly from the expected throughput 

given the mean interarrival time for each experiment. In fact, based on throughput alone, 

each of the system designs simulated for both models performed quite well. 

If the levels of the controllable variables had been chosen somewhat arbitrarily, 

several experiments may have had to be run until a stable system was found. At least 

this has been the experience of the author. Since the reverse simulation technique finds 

an area in the factor space in which operating specifications are satisfied, the levels 

of the controllable variables that lie within this region may produce, not necessarily 

optimal solutions, but at least feasible solutions. Based upon the results of the simulation 

experiments conducted, it appears as if the reverse simulation technique does find stable 

systems. Thus, this area of research appears promising for future investigation. 
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7.1.2 Observation About Finding Robust System Designs 

Some of the system designs investigated in this study were highly sensitive to changes 

in the settings of the input parameters, while other system designs designs were not. The 

system designs that were not sensitive to changes in the settings of the input parameters 

are robust system designs. The task of the analyst is, essentially, to find an optimal 

system design among those that were not sensitive to changes in settings of the input 

parameters. 

The experimental design strategy we employed made it possible to find robust 

system designs. If a more traditional approach to designing simulation experiments had 

been employed, it would not have been possible to find robust system designs. The 

system designs deemed best in the traditional sense, are system designs that perform well 

for a precise specification of the model. That is, they are system designs that perform 

well for a model in which only one set of values is specified for each of the parameters 

associated with input probability distributions. 

In spite of the fact that our experimental design strategy shows promise, one obvious 

drawback is the number of simulation experiments that must be run. A promising area of 

future research is to find an equivalent but more parsimonious method of employing our 

strategy. It may be possible to capture the same information in an experimental design 

plan that requires fewer simulation runs. Or, parallel processors may be employed. 

7.1.3 Observation About Expected and \Vorst Performance Analyses 

The conclusions drawn from both the expected performance analysis and the worst per

formance analysis were the same within the machine maintenance model and the machine 
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failure model. A possible implication of this result may be that an experimental design 

aimed at evaluating average system perfonnance in the presence of unwanted noise may 

also guard against a worst case scenario. 

If the simulation analyst is uncertain about which values of the noise variables are 

more likely to represent the true parameter values, then it is convenient to asswne that 

each of the settings of the noise variables used in the experiment are equally likely to 

occur in reality. This is the assumption made in the expected perfonnance analysis. If an 

expected perfonnance analysis does guard against a worst case scenario, then the analyst 

may not have to be concerned with assigning weights to the likelihood of each of the 

settings of the noise variables used in the simulation model. This would make the task of 

constructed the simulation model easier than it would be if the analyst had to detennine 

appropriate weights for each of the settings of the noise variables. 

This conclusion is preliminary since only two models were inv~stigated. However, 

the implications of the conclusion are interesting enough to warrant further investigation. 

Thus, another area of future research is to investigate models of other systems. for 

example, infonnation systems, to detennine whether or not the conclusions are consistent 

regarding expected perfonnance analyses and worst perfonnance analyses with those 

drawn from this research. 

7.1.4 Observation About Informal and Formal Analyses 

The best system designs found for the machine maintenance model and the machine 

failure model were different. However, the infonnal and fonnal analyses yielded the 

same results for the respective models. This observation has greater implications for the 

use of designed experiments than it does for our particular design of experiments strategy. 
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As was stated previously, informal analyses are often sufficient if the experiments have 

been well designed. Our results are a testimony to tlus statement. Formal analyses were 

conducted for the sake of completeness but. as is apparent in Chapter 6. formal analyses 

were unnecessary. This is particulary useful to know if th..:: assumptions re4uired to 

perform. for example. an i.ll1alysis of varitUlCe, wld obtain valid results are violateLi. 

7.2 Summary 

Our strategy for designing Wld ~Ulalyzing simulation experiments shows promise as a 

strategy for finding robust system Llesigns. Further refinement is needed. ho\vever. to 

reduce the number of simulation runs required to implement the strategy. In adLiition. 

the implementation of the reverse simulation technique needs to be enhLillced to make 

the technique Lill1enable to interactive use. 

Further research is needed to refitle LUld enhWlce the proposeLi design LUld analysis 

of experiments strategy LUlLI to test its efficacy as a generalized approach. Research 

should be conducted on testing the approach not only on different types of systems. such 

as infom1<.ltion systems. but also for "testing the approach for situations in wluch different 

policy, scheduling or operating rules serve as the controllable v~uiables. Current ~U1d 

future research etTorts in this area aim to improve simulation as a tool for ~Ulalysis by 

improving the quality of the reoommenLiations made as a result of a simulation stuLly. 
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APPENDIX .-\ 

PILOT STCDY FOR \I.-\CHL\E \tJ.-\I:"iTEN.-\:\CE \IOOEl 



\IODEL FILE FOR PILOT STliDY FOR 
;\IACHINE \I.-\I;\TENANCE :\[ODEL 

BEGIN; 

CREATE, I.EX(2.1): EX(2, 1 )::MARK( 1 ): 
ASSIGN:A(2 )=DP( 1,2); 

STA ASSIGN:M=S; 
ASSIGN:NS=A(2); 
ASSIGN:A(5)=M; 

AGV BRfu"l"CH.l: 
IF,A(S).EQ.S .Al"ID.A(2 ).EQ.l,CHECK5: 
IF,A(S).EQ.5.A.J."l"D.A(2).EQ.2,CHECKIO: 
IF.A(S).EQ.l.AND.A(2).EQ.l.CHECK6: 
IF,A(5 }.EQ.l.AND.A(2 ).EQ.2,CHECKll: 
IF.A(S).EQ.2.AND.A(2).EQ.l,CHECK7: 
IF.A(S).EQ.2.Al""ID.A(2).EQ.2,CHECK12: 
IF.A(5).EQ.3.Al"l"D.A(2).EQ.l,CHECK8: 
IF,A(S).EQ.3.Al"l"D.A(2).EQ.2,CHECK13: 
IF.A(S).EQA.Al"l"D.A(2).EQ.l,CHECK9: 
ELSE,CHECK14; 

CHECKS ASSIGN:A(7)=1; 
BR}\NCH,l: 
IF,NQ(S).EQ.O,QS: 
ELSE,\VAlTl; 

\VAITI QUEUE.lS; 
\V.-\IT:A(7):NEXT(CONTl); 

QS QUEUE,S; 
REQUEST:AGV(SDS.3 ); 
ASSIGN:X( 1 O)=NQ( IS)+ 1; 
SIGNAL:A( 7); 

CONTI QUEUE,25; 
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GROUP:X( lO),FmST:NEXT(GO); 

CHECKlO ASSIGN:A(7)=2; 
BRAL'lCH,l: 
IF,NQ( to).EQ.O,QlO: 
ELSE,\VAIT2; 

\VAIT2 QUEUE,20; 
WAIT:A(7):NEXT(CONT2); 

QI0 QUEUE,10; 
REQUEST:AGV(SDS,3): 
ASSIGN:X( 1O)=NQ(20)+ 1; 
SIGNAL:A( 7); 

CONT2 QUEUE,30; 
GROUP:X(10),FmST:NEXT(GO); 

CHECK6 ASSIGN:A( 7)=3; 
BRANCH, 1: 
IF.NQ(6).EQ.0.Q6: 
ELSE,WAIT3: 

WAIT3 QUEUE,16; 
\VAIT:A(7):NEX'T(CONT3); 

Q6 QUEUE,6; 
REQUEST:AGV(SDS,3 ): 
ASSIGN:X( 1 O)=NQ( 16)+ 1; 
SIGNAL:A(7); 

CONT3 QUEUE,26; 
GR0l!P:X( lO).FmST:NEXT(GO); 

CHECKll ASSIGN:A(7)=4; 
BRANCH. 1: 
IF,NQ(l1).EQ.0,Q11: 
ELSE.\VAIT4: 

\V AIT..J. Q UEUE,21; 
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\V AIT:A(7):NEXT(CONT4); 

Qll QUEUE,ll; 
REQUEST:AGV(SDS,3 ); 
ASSIGN:X( 10)=NQ(2l )+1; 
SIGNAL:A( 7); 

CONT4 QUEUE,3l; 
GROUP:X( 1 O),FIRST:NEXT( GO); 

CHECK7 ASSIGN:A(7)=5; 
BRAl~CH,l: 

IF.NQ(7).EQ.O,Q7: 
ELSE,\VAIT5; 

\VAIT5 QUEUE.l7; 
WAIT:A(7):NEXT(CONT5); 

Q7 QUEUE,7; 
REQUEST:AGV(SDS,3); 
ASSIGN:X( 1 O)=NQ( 17)+ 1; 
SIGNAL:A( 7); 

CONTS QUEUE.27; 
GROUP:X( 10),FIRST:NEXT(GO); 

CHECKl2 ASSIGN:A(7)=6: 
BRANCH,l: 
IF.NQ(l2).EQ.O,Q12: 
ELSE,\VAIT6: 

\VAIT6 QUEUE.22; 
\VAIT:A(7):NEXT(CONT6): 

Q12 QUEUE.12; 
REQUEST:AGV(SDS,3); 
ASSIGN:X(lO)=NQ(22)+1; 
SIGNAL:A( 7); 

CONT6 QUEUE,32; 
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GROUP:X( 10),FIRST:NEXT(GO); 

CHECK8 ASSIGN:A(7)=7: 
BRAl'fCH, 1: 
IF.NQ(8).EQ.O.Q8: 
ELSE.WAlT7; 

WAIT7 QUEUE,18; 
WAlT:A(7):NEXT(CONT7); 

Q8 QUEUE,8; 
REQUEST:AGV(SDS,3); 
ASSIGN:X(10)=NQ(18)+ 1; 
SIGNAL:A(7); 

CONT7 QUEUE.28; 
GROUP:X( lO),FIRST:NEX!'(GO); 

CHECKl3 ASSIGN:A(7)=R; 
BRANCH,l: 
IF.NQ(l3).EQ.O.Q13: 
ELS E. \V AlT8; 

\VAIT8 QUEUE,23; 
\VAIT:A(7):NEX!'(CONTS); 

Q13 QUEUE,13; 
REQUEST:AGV(SDS.3); 
ASSIGN :X( 1 0)=NQ(23)+ 1; 
SIGNAL:A(7); 

CONTS QUEUE,33; 
GROUP:X( lO),FIRST:NEXT( GO); 

CHECK9 ASSIGN:A(7)=9; 
BRANCH.l: 
IF.NQ(9).EQ.O,Q9: 
ELSE,\VAIT9; 

\VAIT9 QUEUE,l9; 
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\VAIT:A(7):NEXT(CONT9); 

Q9 QUEUE,9; 
REQUEST:AGV(SDS.3); 
ASSIGN:X( LO)=NQ( 19)+1; 
SIGNAL:A(7); 

CONT9 QUEUE,29: 
GROUP:X( lO),FIRST:NEXT(GO); 

CHECK14 ASSIGN:A(7)=1O; 
BRAl'fCH.1: 
IF,NQ( 14 ).EQ.O,Q 14: 
ELSE.\VAlT10; 

\VAITlO QUEUE,24: 
WAIT:A(7):NEXT(CONT10); 

Q 14 QUEUE.l4; 
REQUEST:AGV(SDS,3); 
ASSIGN:X( 1 0 )=NQ(24)+ 1; 
SIGNAL:A(7); 

CONTIO QUEUE,34: 
GROUP:X( lO),FIRST:NEXT( GO): 

GO T~,\NSPORT:AGV(A(3».SEQ; 

STATION, 1-4; 

FREE:AGV(A(3»; 

SPLlT:M,NS,IS; 
ASSIGN:A(5)=M; 

ASSIGN:A(4)=M+2: 
ASSIGN:A(6)=EX(A(4),3); 
QUEUE.M; 
S EIZE:MACHli'lli(M); 
DELAY:A(6); 
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RELEAS E:MACHINE(~I):NEXT(AGV); 

STATION,5; 

FREE:AGV(A(J); 

SPLIT:M.NS.IS; 

TALLY: 1.1NT( 1); 
ASSIGN:X(17)::::X( 17)+1: 
COUNT:A(2).1:DISPOSE; 

CREATE: 
THRUPUT DELAY:960.0: 
ASSIGN:X(l 8)::::X(l 8)+ 1; 
COUNT:X( 1S),X( L 7); 
ASSIGN:X( 19)::::X( 19)+ L; 

BRANCH,I: 
IF,X(l9).LT.X(20),NEXT: 
ELSE.STATS: 

NEXT ASSIGN:X( I7)=0:NEXT(THRUPUT); 

STATS ASSIGN:X( 1 )=DAVGC5 )!X(30); 
TALLY:2.X(l ); 

ASSIGN:X(l )=DAVG(6)/X(31); 
TALLY:3,X( 1); 

ASSIGN:X(I)=DAVG(7)/X(32); 
TALLY:.f,X( 1); 

ASSIGN:X(l )=DAVG(8)/X(33); 
TALLY:5.X( 1); 

ASSIGN:X( 1 )=DAVG(9)/X(3.f); 
TALLY:6,X(1); 

COUNT:53,1; 
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EXPERL\IENTAL FR.-\:\IE FOR PILOT STUDY 
FOR :\IACHI:\E :\1.-\I:"'iTEN.-\~CE ;\lODEL 

BEGIN; 
PROJECT.PILOT ~rMM.R, \VILD.7/lS/S8; 
DISCRETE,1000,7,34,5; 

RESOURCES:1-4.MACHINE.SCHED(I).SCHED(2).SCHED(3).SCHED(4); 

SCHEDULES: 1.2*480.0.1 *20.0:2.2*480.0.1 *20.0: 
3.3*320.0,2*20.0:4,4*240.0.3*20.0: 

TALLIES: I.TLYlE IN SYSTE.\tl: 
2.UTIL STATION 1: 
3.UTIL STATION 2: 
4.UTIL ~TATION 3: 
5.UTIL STATION 4: 
6,UTIL AGV; 

RAl'-i1GNGS: 1-4.LVF(6); 

INITIALIZE,X( 17)=0,X( IS)=2.X( 19)= 1 ,X(20)=51 ,X(48)=::-WOO. 
X(30)=2.X(31 )=2,X(32)=3.x(33)=,-LX(34)= 1; 

PARA\IETERS: 1 .. 50.1,1.0.2:2.5.0:3,5.0:4.5.5:5.6.0:6.7.5; 

DSTAT: 1 ,NQ(l ).NViYI STAI Q:2.NQ(2).NUM STA2 Q:3.NQ(3 ).NUM STA3 Q: 
4.NQ!..:j.).Nillvl STA4 Q:5.NR( 1 ),TOT UTIL STA1:6,NR(2).TOT UTIL STA2: 
7.NR(3),TOT UTIL STA3:8,NR(4).TOT UTIL STA-t.: 
9,NT(1 ).TOT AGV UTIL: 

TRA1'l'SPORTERS: I.AGV,I,1.100.0.5-A: 

DISTAi'ICES: 1.1-5.75,125.100.63/ 1 00.l25.138/75.138/63; 
; COUNTERS: I,PART TYPE 1 1 PROC: 
2,PART TYPE 2 PROC: 
3.DAY 1 THRUPUT: 
4.DA Y 2 THRUPUT: 
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5,DAY 3 THRUPUT: 
6.DAY 4 THRUPUT: 
7.DAY 5 THRUPUT: 
8.DA'y 6 THRUPUT: 
9.DAY 7 THRUPUT: 
10.DAY 8 THRUPUT: 
1l,DAY 9 THRUPUT: 
12,DAY 10 THRUPUT: 
U,DAY 11 THRUPUT: 
1-1-,DAY 12 THRUPUT: 
15.DAY U THRUPUT: 
16,DAY 1-1- THRUPUT: 
17.DAY 15 THRUPUT: 
I.S.DAY 16 THRUPUT: 
1.9.DAY 1.7 THRUPUt: 
20.DAY 18 THRUPUT: 
21,DAY 19 THRUPUT: 
22.DAY 20 THRUPut: 
23.DAY 21 THRUPUT: 
2-1-.DA Y 22 THRUPUT: 
25.DAY 23 THRUPUT: 
26,DAY 2-1- THRUPUT: 
27.DAY 25 THRUPUT: 
28,DAY 26 THRUPUT: 
29.DAY 27 THRUPUT: 
30,DAY 28 THRUPUT: 
31.,DAY 29 THRUPUT: 
32,DAY 30 THRUPUT: 
33,DAY 31 THRUPUT: 
34,DAY 32 THRUPUT: 
35.DAY 33 THRUPUT: 
36,DAY 34 THRUPUT: 
37.DAY 35 THRUPUT: 
38,DAY 36 THRUPUT: 
39,DAY 37 THRUPUT: 
-I-O,DAY 38 THRUPUT: 
41,DAY 39 THRUPUT: 
42.DAY 40 THRUPUT: 
-I-3,DAY 41. THRUPUT: 
4-+,DAY -1-2 THRUPUT: 
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45,DAY 43 THRUPUT: 
46,DAY 44 THRUPUT: 
47,DAY 45 THRUPUT: 
48,DAY 46 THRUPUT: 
-l-9.DAY 47 THRUPUT: 
50,DAY 48 THRUPUT: 
5l.DAY 49 THRUPUT: 
52,DAY 50 THRUPUT: 
53.END OF SIMULATION,!; 
SEQUENCES: l.l/3/4/5:2.2/314/5; 
; REPLICATE.5,O.O; 
: END; 
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.-\PPE:\fDIX B 

REVERSE SL\ILLATION CODE FOR 
\I.-\CIII~E \1.-\LYrE~.-\.\CE \IODEL 
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:\IODEL FILE FOR REVERSE S['vllfL.-\TION 
FOR :\I.-\CHI~E l\-1.-\I~TE\iA~CE :\IODEL 

BEGIN; 

CREATE, 1 ,EX(l, 1 ):EX( 1,1 ):MARK( 1); 

ASSIGN:A(2)=DP(2,2); 
ASSIGN:M=5; 
ASSIGN:NS:::A(2); 
ASSIGN:A(5):::M; 

E'/ENT:3; 

BR~~'J"CH.l: IF.X(++).EQ.l.CHAl'IGE: 
ELSE.AGV; 

CHANGE ASSIGN:X(44):::O; 
ACTIV ATE:AGV(X(50)); 

AGV BRAl'fCH,1: 
IF,A(S ).EQ.5.Al'J"D.A(2).EQ.l,CHECK5: 
IF.A(S)'EQ.S.AND.A(2).EQ.2.CHECK10: 
IF,A(5 ).EQ.1.Al'J"D.A(2).EQ.1.CHECK6: 
IF,A(S).EQ.1.AND.A(2).EQ.2,CHECK11 : 
IF.A(5 ).EQ.2.Al'J"D.A(2).EQ.l ,CHECK7: 
IF,A(S).EQ.2.AND.A(2).EQ.2,CHECK12: 
IF,A(S).EQ.3.Al'J"D.A(2).EQ.l,CHECK8: 
IF.A(S }.EQ.3.AND.A(2 ).EQ.2,CHECK 13: 
IF.A(S }.EQA.Al'J"D.A(2).EQ.l ,CHECK9: 
ELSE,CHECK14; 

CHECKS ASSIGN:A(7)=1; 
BRANCH,l: 
IF.NQ(S).EQ.O,QS: 
ELS E, \VAIT l; 

\VAITl QUEUE,1S; 
\VAIT:A(7):NEXT(CONTl ): 
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Q5 QUEUE.5; 
REQUEST:AGV(SDS,3); 
ASSIGN:X( to)=NQ( 15)+1; 
SIGNAL:A(7); 

CONTI QUEUE.25; 
GROUP:X( to),FIRST:NEXT(GO); 

CHECKIO ASSIGN:A(7)=2; 
BRAl'l"CH,l: . 
IF,NQ( I O).EQ.O,Q to: 
ELSE.WAlT2; 

WAlTZ QUEUE.20; 
WAIT:A(7):NEXT(CONT2): 

ASSIGN:X(5)= 1 :NEXT( CONT1); 

Q10 QUEUE, 10; 
REQUEST:AGV(SDSJ); 
ASSIGN:X( to)=NQ(20)+ I; 
SIGNAL:A(7); 

CONT2 QUEUE.30; 
GROUP:X( to).FIRST:NEXT(GO); 

CHECK6 ASSIGN:A(7)=3; 
BRANCH,l: 
IF.NQ(6).EQ.O,Q6: 
ELSE, W AIT3; 

\VAIT3 QUEUE,16: 
\VAIT:A(7):NEXT(CONT3); 

ASSIGN:X(5)= I :NEXT( CONT3); 

Q6 QUEUE,6: 
REQUEST:AGV(SDSJ); 
ASSIGN:X( lO)=NQ(16)+ 1; 
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SIGNAL:A(7); 

CONT3 QUEUE,26; 
GROlJP:X( lO),FIRST:NEXT(GO); 

CHECK! 1 ASSIGN:A(7)=4; 
BRAl'.fCH,l: 
IF.NQ( 11 ).EQ.O,Q It: 
ELSE,vVAIT4; 

vVAIT4 QUEUE,21; 
WAIT:A(7):NEXT(CONT4); 

Ql1 QUEUE,l1; 
REQUEST:AGV(SDS,3); 
ASSIGN:X( 1 O)=NQ(21)+ 1; 
SIGNAL:A(7); 

CONT4 QUEUE,31; 
GROUP:X(10),FIRST:NEXT(GO); 

CHECK7 ASSIGN:A(7)=5; 
BRANCH,I: 
IF,NQ(7).EQ.O.Q7: 
ELSE,WAITS; 

vVAIT5 QUEUE,l7; 
\VAIT:A(7):NEXT(CONT5); 

Q7 QUEUE,7: 
REQUEST:AGV(SDS,3); 
ASSIGN:X( 1 O)=NQ( 17)+ 1; 
SIGNAL:A(7); 

CONT5 QUEUE,27; 
GROUP:X( 10),FIRST:NEXl(GO); 

CHECK12 ASSIGN:A(7)=6; 
BRANCH, I: 
IF.NQ(l2).EQ.O,Q 12: 
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ELSE,\VAIT6; 

\VAIT6 QUEUE,22; 
\VAIT:A(7):NEXT(CONT6); 

Q12 QUEUE.12; 
REQUEST:AGV(SDS.3 ); 
ASSIGN:X( 1O)=NQ(22)+ 1; 
SIGNAL:A(7); 

CONT6 QUEUE,32; 
GROUP:X( lO).FIRST:NEXT(GO); 

CHECKS ASSIGN:A( 7)=7; 
BR.6u'fCH,I: 
IF.NQ(S).EQ.O,Q8: 
ELSE. \V AIT7; 

\VAIT7 QUEUE,1S; 
\VAIT:A(7):NEXT(CONT7); 

Q8 QUEUE,S; 
REQUEST:AGV(SDS,3); 
ASSIGN:X( 1 O)=NQ( IS)+ 1; 
SIGNAL:A(7); 

CONT7 QUEUE.2S; 
GROUP:X( 10),FIRST:NEXT(GO); 

CHECK13 ASSIGN:A(7)=S; 
BRANCH,l: 
IF.NQ(l3).EQ.O,Q13: 
ELSE.\VAITS; 

\VAlTS QUEUE.23; 
\VAIT:A(7):NEXi(CONTS); 

Q13 QUEUE,13; 
REQUEST:AGV(SDS,3); 
ASSIGN:X( 1 O)=NQ(23)+ 1; 
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SIGNAL:A(7); 

CONT8 QUEUE,33; 
GROUP:X( lO),FIRST:NEXi(GO); 

CHECK9 ASSIGN:A(7)=9; 
BRAL'JCH, 1: 
IF,NQ(9).EQ.O,Q9: 
ELSE,WAIT9; 

'NA.IT9 QUEUE,19; 
WAIT:A(7):NEXT(CONT9); 

Q9 QUEUE,9; 
REQUEST:AGV(SDS,3 ): 
ASSIGN:X(lO)=NQ( 19)+ 1; 
SIGNAL:A(7); 

CONT9 QUEUE,29; 
GROUP:X( 10),FIRST:NEXT(GO); 

CHECK14 ASSIGN:A(7)=lO: 
BRANCH,I: 
IF,NQ( 14).EQ.(),Q 14: 
ELS E,\VAIT 10; 

WAfflO QUEUE,24; 
WA1T:A( 7):NEXT( CONT 10); 

Q14 QUEUE, 14; 
REQUEST:AG V(SDS,3); 
ASSIGN:X( 1 Q)=NQ(24)+ 1; 
SIGNAL:A( 7); 

CONT to QUEUE,34; 
GROUP:X( to),FIRST:NEXT(GO); 

GO TRA.'JSPORT:AGV(A(3),SEQ; 

STATION, 1-4; 
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FREEL FREE:AGV(A(3»; 

BRAN"CH,l: 
IF,NT( 1 ).LT.X(37).Al'-rDX(37).NE.l,GO 1: 
ELSE,G02; 

GO 1 EVENT:4; 

HALT:AGV(X(50»; 

G02 SPLIT::vI,NS,IS; 
ASSIGN:A(5)=M; 
BRAJ."'TCH: 
AL\VAYS,Q: 
ALWAYS.CHECK1; 

Q QUEUE.M:DETACH; 
CHECKl EVENT: l; 
!ADD MACHINE? ; 
BRANCH,l: 
IF,X(42).EQ.l,COND: 
ELSE,CONT20; 

COND BRANCH, 1: 
IF,X(43).EQ.l,REMl: 
ELSE.REM2; 

REMl ASSIGN:X(43)=~I; 
REMOVE:l,X(43),PROCESS:DISPOSE; 

REM2 BRA.'-rCH: 
ALWAYS,QMACH: 
AL\VAYS,REMl; 

PROCESS ASSIGN:X(42)=O; 
ASSIGN:X(43 )=0; 
ASSIGN:A(4)=M+2; 
DELAY:EX(A(4),3); 
ASSIGN:X(M+4)=X(i\[+4)+l; 
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ASSIGN:X(M+S)=X(M+8)-I; 
ASSIGN:X(M+ 12)=X(M+ 12)-1.0; 

BRAl'fCH: 
AL\VAYS.AGV: 
ALWAYS.CHKQ; 

CHKQ BRANCH, 1: 
IF,NQ(M).GT.O.CHECK 1: 
ELSE.CHECK2; 

QMACH BRAl'fCH.l: 
IF,M.EQ.l.Q35: 
IF,M.EQ.2.Q36: 
IF,M.EQ.3.Q37: 
ELSE.Q38; 

Q35 QUEUE,35:DETACH; 
Q36 QUEUE.36:0ETACH; 
Q37 QUEUE,37:0ETACH; 
Q38 QUEUE,38:0ETACH; 

CHECK2 EVENT:2; 
CONT20 ASSIGN:X(42)=0:OISPOSE; 

STATION,5; 

FREE2 FREE:AGV(A(3»); 

BRAl'fCH.l: 
IF,NT( 1 ).LT.X(37).AL"TO.X(37).NE.l.G03: 
ELSE.G04; 

G03 EVENT:4; 

HALT:AGV(X(50»; 

G04 SPLIT:M,NS,IS; 
TALLY: l,INT( 1); 
COUNT:3,1; 
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COUNT:A(2),l :DISPOSE; 

CREATE; 
DELAY:X(48); 

ASSIGN:X(49)=DAVG( 1 )!X( 1); 
TALLY:2.X(49); 
ASSIGN:X( 49)=DAVG(2 )!X(2); 

TALLY:3,X(49); 
ASSIGN:X(49)=DAVG(3)!X(3); 
TALLY :4.X( 49); 
ASSIGN:X( 49)=DAVGC 4)!X( 4); 
TALLY:5.X(49); 
ASSIGN:X(49)=DAVG(5)!X(37); 
TALLY:6.X(49); 

COUNT:4,l; 
END; 
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EXPERIME:\iT.-\L FRA:YIE FOR REVERSE SnlULATION 
FOR \IACHL\E \1.-\INTE;\iA~CE \IODEL 

BEGIN: 
PROJECT.REVERSE SIMULATION M.lvGvl,R. \VILD.7/IS/88; 
DISCRETE,lQOO,7,38.5; 

TALLIES: 1,TllvlE IN SYSTEM: 
2,UTIL STATION 1: 
3.UTIL STATION 2: 
4.UTIL STATION 3: 
5.UTIL STATION 4: 
6.llTIL AGV; 

lNITIALIZE,X( I)= 1 ,X(2)= I ,X(3)= 1 ,X(4)= I.X(5)= 1'x(6)= I ,X(7)= 1 ,X(S)= I, 
X( 17)=l,X(22)=l,X(27)=l.X(32)=1,X(37)=l.X(39)=1.0.X(48)S 0=24000. 
X(50)=2; 

ARRIVALS: I ,QUEUE(35),0.0, 1 :2,QUEUE(36).0.O, I: 
3,QUEUE(3T).0.0,1 :4.QUEUE(38 ).0.0, I; 

PARAlvlETERS: 1,5.0:2,.50,1,1.0.2:3,5.0:4.5.5:5.6.0:6.7.5; 

DSTAT:1,X(13),TOTAL UTIL STA1:2.X(l4).TOTAL UTIL STA2: 
3.X( I5),TOTAL UTIL STA3:4.X( 16),TOTAL UTIL STA4: 
5 . .NT( 1 ).TOTAL UTIL AGV: 
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6.NQ(1 ),STA 1 Q:7,NQC2).STA 2 Q:S.NQ(3).STA 3 Q:9.NQ(4).STA 4 Q: 
10,NQe,5),AGV Q5: 1l,NQ(35),NU.lv1B MACH STAI: 12.NQ(36),Nill,1B :'-[ACH STA2: 
13.NQ(37).NU.lvlB MACH STA3:14.NQ(38).NliNlB ~IACH STA4: 
15.X(l7),TI.lvIE 1 MACH STAl: I6,XI.18).TThIE '2 MACH STA1: 
17,X(l9).TI.lvlE 3 J\'IACH STAl:18,X('20),TTh-IE 4 MACH STAI: 
19.X(21),TI1-IE 5 MACH STAl:20,X(22).TI.lvIE I MACH ,STA2: 
21.X(23 ).TIME 2 MACH STA2:22,X(24).TIME 3 MACH STA2: 
23.X(25 ),TIME 4 MACH STA2:14,X(26),TIME 5 MACH STA2: 
25.X(27),TIME 1 MACH STA3:26,X(28),TIME 2 MACH STA2: 
27.X(29).TI1-IE 3 MACH STA3:28,X(30).TIME 4 MACH STA3: 
29,X(3I ),TLvIE 5 MACH STA3:30,X(32),TIME 1 MACH STA4: 
31,X(33),TLvlE 2 MACH STA4:32,X(34),TIME 3 MACH STA4: 



33,X(35).TIME 4 rv'lACH STA.4:34.X(36).TThIE S i\[ACH STA.4: 
35.X(39).TIME 1 AGV:36.X(40).TIME 2 AGV:37.X(4l ) ,TIME 3 AGV: 
38.X(37).NUi\tlB AGVS:39.NQ( 10).AGV Q4:-W,.NQ( 11 ).AGV Q3: 
4l.NQ(l2).AGV Q2:42.NQ(l3).AGV Q I :43,X(l ),NUi\l ~IACH STAl: 
-W.x(Z),Nli"N[ MACH STA2:45,X(3),NUM MACH ST.-\3: 
46,X(4 ),NUM MACH STA4; 

TRA . .L'l"SPORTERS: l.AGV.S, 1.1 OO.O.S-A.S-I,S-I,S-I.S-I; 

DISTANCES: 1.1-5,75,125,lOO.63/LO0,125, 138/75.138/63; 

COUNTERS: I.PART TYPE 1 PROC: 
2.PART TYPE 2 PROC: 
3.TOTAL THROUGHPut: 
4.END SL\lULATION.l; 
SEQUENCES: 1.1/3/4/S:2.2/3/4/S; 

REPLICATE.l.O.O .... 4800.0; 
END; 
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EXPERT SYSTE:\1 CODE FOR :\I.-\CHI:'-iE \L\INTE~'-\~CE :\IODEL 

SUBROllTINE EVENT(JOBJ) 
C 
INCLUDE 'D-REVSIM.VAR' 
GOTO (1.2,3,4) I 
1 CALL MACH_CAP(JOB) 
RETURJ.'I 
2 CALL DECREASEJvlACH(JOB) 
RETURN 
3 CALL AGV(JOB) 
RETURN 
4 CALL AGV _DECR(JOB) 
RETURJ.'I 
END 
C 
SUBROUTINE MACH_CAP(JOB) 
C 
INCLUDE 'D-REVSI1'LVAR' 
M = A(JOB,S) 
UTIL = DAVG(~O/X(M) 
IF (X(M+4) .GT. 0) THEN 

C *** THERE ARE IDLE MACHINES *** 
C *** DECREASE THE NUNIBER OF IDLE MACHIi"iES :1(** 
X(~1+4) = X(M+4)-1 

C *** INCREASE THE Nffi..IBER OF BUSY MACHINES *** 
X(M+8) = X(M+S)+l 

C *** INDICATE UTILIZATION *** 
X(M+12) = X(M+t2)+1.0 
C *** .INDICATE REMOVE FROM QUEUE *** 
X(42) = 1 
C *** INDICATE NUMBER OF MACHL"iES HAS NOT BEEN £1'ICREASED *** 
X(43) = 1 
RETlJRJ.'l 
ELSE IF (NQ(M) .LE. 2 .AND. lJTIL .LT .. SO) THEN 

C *** JOB REMAINS IN QUEUE *** 
X(42) = 0 
RETURN 
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ELSE IF (NQ(M) .GT. 2 .AL'\fD. NQCNl) .LE. 4 AND. UTIL .LT. 0.80) THEN 

C *** JOB REMAINS IN QUEUE *** 
X(42) = 0 
RETURJ.'J" 
ELSE 
IF (X(M) .LE. 4) THEN 

C *** ADD MACHINES *** 
IF (M .EQ. 1) THEN 
J=X(M)+16 
ELSE IF (M .EQ. 2) THEN 
J=X(M)+21 
ELSE IF (M .EQ. 3) THEN 
J=X(M)+26 
ELSE IF (~I .EQ. 4) THEN 
J=XUvl)+31 
END IF 
C *** INDICATE PERCENTAGE OF UTILIZATION HAS DECREASED *** 
XU) = X(J)-1.0 
END IF 
C *** ADD TO NUiYlBER OF BUSY MACHINES *** 
X(M+8) = X(M+8)+1 
C *** ADD TO TOTAL NIDIBER OF MACHINES AT STATION *** 
X(;Y[) = X(.~I,'l)+ 1 

C *** ADD TO PERCENTAGE OF UTILIZATION *** 
X(M+12) = X(M+12)+1.0 
C *** INDICATE RE~IOVE A JOB FROM QUEUE *:i<* 
X(42) = 1 
C *** INDICATE ADD O~E TO MACHINE QUEUE *:~;'< 

X(43) = 0 
IF (X(M) .LE. 5) THEN 
IF (M .EQ. 1) THEN 
J=X(~f)+16 

ELSEIF(M.EQ.2)THEN 
J=X(~1)+21 

ELSE IF (M .EQ. 3) THEN 
J=X(M)+26 
ELSE IF eM .EQ. 4) THEN 
J=X(;Y[)+31 
END IF 
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*** 
X(J) = X(1)+ 1. 0 
END IF 
END IF 
RETURl'f 
END 
C 
SUBROUTINE DECREASE--1vIACH(JOB) 
C 
INCLUDE 'D-REVSI1-LVAR' 
M=A(JOB,5) 

32-1-

C *** ONLY DECREASE THE NUMBER OF MACHINES IF THERE ,:.\RE MORE 

THA.J.'f ONE *** 
IF (X(M) .GT. 1) THEN 

C *** REMOVE FROM :YIACHI0iE Ql'EUE *** 
NEXT = LFR(M+5) 
CALL REMOVE (NEXT.:\I+5) 
CALL DISPOS(NEXT) 
C *:;.* CHA.NGE UTILIZATIONS FOR CURRENT AND PREVIOUS NIDlBER OF 
MACHINES *** 
IF (X(M) .LE. 5) THEN 
IF (M. EQ. 1) THEN 
J=XCvl)+16 
ELSE IF (0,,1 .EQ. 2) THEN 
J=X(M)+21 
ELSE IF (.\r[ .EQ. 3) THEN 
J=X(.\r[)+26 
ELSE IF (.\r[ .EQ. 4) THEN 
J=X(M)+31 
END IF 
C *** DECREASE UTILIZATION FOR PREVIOUS NlTNlBER OF ~IACHINES **::. 
XU) = X(J )-1.0 
END IF 
C *** DECREASE THE NUMBER IDLE *** 
X(M+-1-) = X(M+..J.)-l 
C *** DECREASE THE TOTAL NL7vlBER OF MACHINES *** 
X(M) = X(M)-l 
UTIL = DAVG(.\r[)/X(M) 
IF (XCvI) .LE . ..J.) THEN 
IF (M .EQ. 1) THEN 



J=X(M)+16 
ELSE IF (M .EQ. 2) THEN 
J=X(M)+21 
ELSE IF (M .EQ. 3) THEN 
J=X(M)+26 
ELSEIF(M.EQ.~)THEN 

J=X(M)+31 
END IF 
C *** INCREASE PERCENTAGE UTILIZATION OF CURRENT NUMBER OF MA
CHlt""l'ES *** 
X(J) = X(J)+1.0 
END IF 
END IF 
RETlJRJ.'J" 
END 
C 
SUBROUTINE AGV(JOB) 
C 
INCLUDE 'D-R.EVSIM.VAR' 
UTIL...AGV = DAVG(5)/X(37) 
IF (UTIL~l\GV .GE. 0.8) THEN 
IF (X(37) .EQ. 1) THEN 
X(39) = 0.0 
X(40) = 1.0 
ELSE IF (X(37) .EQ. 2) THEN 
XHO) = 0.0 
X(41) = 1.0 
END IF 
X(37) = X(37) + 1 
IF (X(37) .LE. 5) THEN 
X(44-) = 1 
ELSE 
X(-l4) = 0 
X(37) = 5 
END IF 
END IF 
RETURN 
END 
C 
SUBROUTINE AGV _DECR(JOB) 



C 
INCLUDE 'D-REVSLM.VAR' 
IF (X(37) .GT. 1) THEN 

C *** DECREASE NUMBER OF AGV'S *** 
IF (X(37) .GT. 5) THEN 
XiSO)=5 
ELSE 
X(50) = X(37) 
END IF 

C *** NULvIBER FOR DEACTIVATED AGV *** 
X(37) = X(37) - 1 
IF (X(37) .EQ. 1) THEN 
X(-1.0) = 0.0 
X(39) = 1.0 
ELSE IF (X(37) .EQ. 2) THEN 
X( -t.1) = 0.0 
X(-J.O) = 1.0 
END IF 
END IF 
RETUR.,{ 
END 
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.\PPE:\fDIX C 

C()\IPlTER CODE FOR \l.-\CHI:\E \I.-\I:\TE~.-\:\CE \IODEL 
EXPERl\lEVfS 
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MODEL FILE FOR MACHINE "1.-\I;\jTE;\jA~CE :\IODEL 

BEGIN; 

CREATE.1.EX(2,1 ):EX(2.l):ivIARK( 1); 
ASSIGN:A(2)=DP( 1 ,2); 

STA ASSIGN:M=S; 
ASSIGN:NS=A(2); 
ASSIGN:A(5)=M: 

AGV BR..-\i'\TCH.l: 
IF.A(S).EQ.5 .A.l.~D.A(2).EQ.1.CHECK5: 
IF.A(5).EQ.S.Al'J"D.A(2).EQ.2.CHECK10: 
IF.A(5).EQ.1.Pu"lD.A(2).EQ.l.CHECK6: 
IF,A(5).EQ.1 .. -\i"lD.A(2).EQ.2.CHECK 11: 
IF,A(S).EQ.2.AND.A(2).EQ.1.CHECK7: 
IF,A(5).EQ.2.Ai"lD.A(2).EQ.2.CHECKI2: 
IF,A(S).EQ.3.Al'J"D.A(2).EQ.l.CHECK8: 
IF,A(S ).EQ.3 .• -\i'J"D.A(2 ).EQ.2.CHECK 13: 
IF,A(S).EQ.-J..AND.A(2).EQ.1.CHECK9: 
ELSE,CHECK14; 

CHECKS ASSIGN:A(7)=1; 
BRANCH. 1: 
IF.NQ(S).EQ.O.QS: 
ELSE.WAITl: 

\VAIT1 QUEUE,1S: 
\VAIT:A(7):NE~'T(CONT1 ); 

Q5 QuEUE,S: 
REQUEST:AGV(SDS.3 ); 
ASSIGN:X( 1 O)=NQ( 15)+ 1; 
SIGNAL:A(7); 

CONTI QUEUE,2S; 
GROUP:X( 10),FIRST:NEXT(GO); 
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CHECKIO ASSIGN:A(7)=2; 
BRAl'fCH.l: 
IF,~Q( lO).EQ.O.Q 10: 
ELSE.WAIT~; 

\VAIT2 QUEUE.20; 
W AIT:A( 7): NEXT( CONT2); 

Q LO QUEUE.lO; 
REQUEST:AGV(SDS.3 ); 
ASSIGN:X( 1 0)=NQ(20)+ 1; 
SIGNAL:A( 7); 

CONT2 QUEUE,30; 
GROUP:X( lO).FIRST:NEXT(GO); 

CHECK6 ASSIGN:A(7)=3; 
BRA..t'fCH.l : 
IF,NQ(6).EQ.O,Q6: 
ELSE.WAlT3; 

\VAIT3 QUEUE.l6; 
\VAIT:A( 7):NEXT( CONT3); 

Q6 QUEUE.6; 
REQUEST:AGV(SDSJ); 
ASSIGN:X( lO)=NQ( 16)+ 1; 
SIGNAL:A( 7); 

CONT3 QUEUE,26; 
GROUP:X( lO),FIRST:NEXT(GO); 

CHECKII ASSIGN:A(7)=4; 
BRANCH. 1: 
IF,NQ(ll ).EQ.O.Qll: 
ELSE,WAlT4; 

\VAIT4 QUEUE,21; 
\VAIT:A(7):NEXT(CONT4); 
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Qll QUEUE,ll; 
REQUEST:AGV(SDSJ ); 
ASSIGN:X( lO)=NQ(11)+ 1; 
SIGNAL:A( 7); 

CONT4 QUEUE,31; 
GROUP:X( lO).FIRST:NEXT(GO); 

CHECK7 ASSIGN:A(7)=S; 
B R .. ou'\j" CH,l : 
IF,NQ(7).EQ.O.Q7: 
ELS E. WA[TS; 

WAITS QUEUE.17: 
\VAIT:A{ 7):NEXT(CO~TS); 

Q7 QUEUE.7: 
REQUEST:AGV(SDS,3): 
ASSIGN:X( 10 )=NQ( 17)+ 1; 
SIGNAL:A(7); 

CONTS QUEUE,27: 
GROUP:X( lO).FIRST:NEXT( GO): 

CHECK12 ASSIGN:A(7)=6: 
BRANCH.l: 
IF,NQ( 12 ).EQ.O.Q 12: 
ELSE.WAIT6; 

WAlT6 QUEUE.22: 
\VAIT:A(7):NEX'T(CONT6); 

Q12 QUEUE.12; 
REQUEST:AGV(SDSJ ): 
ASSIGN:X( 10 )=NQC~2)+ 1; 
SIGNAL:A(7); 

CONT6 QUEUE,32; 
GROLJP:X(lO),FIRST:NEXT(GO); 
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CHECKS ASSIGN:A(7)=7: 
BRA1'TCH.l: 
IF.:-.fQ(S).EQ.O.QS: 
ELSE.WAlT7: 

W.-VT7 QUEGE.lS: 
WAIT:A( 7)::-.fEXT( CONT7): 

Q8 QUEUE.8; 
REQUEST:AGV(SDSJ): 
ASSIGN:X( 1 O)=NQ( 18)+ 1; 
SIGNAL:A(7): 

CONT7 QUEUE.2S: 
GROUP:X( lO).FIRST:NEXT(GO): 

CHECK13 ASSIGN:A(7)=8: 
BRANCH.I: 
IF.NQ( 13 ).EQ.O.Q 13: 
ELSE. W,-\lT8: 

WAIT8 QUEUE.23; 
\VAIT:A( 7):NEXT( CONTS): 

Q13 QUEUE.l3: 
REQUEST:AGV(SDSJ ); 
ASSIGN:X( lO)=NQ(23)+ 1; 
SIGNAL:A(7): 

CONTS QUEUE,33; 
GROUP:X( 10), FIRST: 0iEXT( GO); 

CHECK9 ASSIGN:A(7)=9; 
BRA1'l"CH.l: 
IF.NQ(9).EQ.O.Q9: 
ELSE,WAIT9; 

\V.-VT9 QUEUE,19; 
\VAlT:A(7):NEXT(CONT9); 

331 



Q9 QUEUE,9; 
REQUEST:AGV(SDSJ); 
ASSIGN:X( lO)=NQ( 19)+l: 
SIGNAL:A( 7); 

CONT9 QUEUE.29: 
GROlJP:X( lO).FIRST:NEXT(GO); 

CHECK14 ASSIGN:A(7)=lO; 
BRA.:.'ICH.l: 
IF,NQ( 14 ).EQ.O.Q 1..J.: 
ELSE.\VAlT10; 

WAIT 10 QUEUE.2-J.: 
\VAlT:A(7):NEXTfCONTl D): 

Q14 QUEUE.l..J.: 
REQUEST:AGV(SDSJ ); 
ASSIGN:X( lO)=NQ(2..J.)+1; 
SIGNAL:A(7); 

CONTlO QUEUE,3..J.: 
GROFP:X( lO).FIRST:NEXT(GO); 

GO TRA1'TSPORT:AGV(A(3 )),SEQ; 

STATION.l-..J.; 

FREE:AGV(A(3 )}; 

SPLIT:M,NS.IS: 
ASSIGN:,-\(j )=M; 

ASSIGN:A(..J.)=M+2; 
ASSIGN:A(6)=EX(A(..J.),3); 
QUEUE,~[; 

SEIZE:~L-\CHlNE(~f); 

DELAY:A(6); 
RELE.-\SE:MACHlNE(i\[):NE~l(AGV); 
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STATION.5; 

FREE:AG V(.-\( 3): 

SPLlT:M,NS,IS: 

TALLY: l.li"-li( 1); 
ASSIGN:X( 17)=X( 17)+ 1; 
COUNT:A(2),l:DISPOSE; 

CREATE: 
THRUPUT DELAY:..J.~OO.O; 
ASSIGN:X(lS)=X( 18)+1: 
COl:l'1T:X( IS ),X( 17); 
ASSIGN:X(tl)=X( 19)+1; 

BRAl'l"CH.1: 
IF.X( 19 ).LT.X(20).NEXT: 
ELSE.STATS; 

NEXi ASSIGN:X( 17)=O:NEXi(THRUPUT); 

STATS ASSIGN:X( 1 )=DAVG( 10)/X(30); 
TALLY:2.X( 1); 

ASSIGN:X( 1)=DAVG( 11 )/X(31): 
TALLY:3,X( 1): 

ASSIGN:X( 1 )=DAVG( 12)jX(32); 
TALLY:4.X( 1): 

ASSIGN:X(1 )=DAVG( 13 )/X(33): 
TALLY:5,X( 1); 

ASSIGN:X( 1 )=DAVG( 1..J.)/X(34); 
TALLY:6,X(l ); 

COUNT: 13,1; 
END; 
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SAMPLE EXPERI:\IENT.-\L FR.-\:\IE FOR :\I.-\CHI:\E 
:\1.-\I:\TE~r\:\CE :\'I()OEL EXPERIYIE:\TS 

BEGIN; 
PROJECT,DI10ISS LR. \vlLD,7/18/88; 
DISCRETEJOOO,7,34,5; 

RESOL~CES:1-'+,MACHINE.SCHED(1),SCHEO(2),SCHED(3).SCHED(.+); 

SCHEDULES: 1,3*320.0,2*20.0:2,3*320.0,2*20.0: 
3.4*2..J.0.0,3*'20.0:.+,3*320.0,2*20.0; 

TALLIES: LTL\IE IN SYSTEM: 
2,UTIL STATION 1: 
3.UTIL STATION 2: 
.+,UTIL STATIO~ 3: 
5,UTIL STATION 4: 
6,UTIL AGV; 

RA.'IT<lNGS: 1-'+.LVF(6); 

I.NlTIALIZE,X( t 7)=O.X( 18)=2.X( 19)=1,X(20)=1 1. 
X( ..J.8)=48000,Xt30)=3,Xt31 )=3,Xt32)=4,Xt33 )=3.X(3.+)= 1; 

PARA ... vIETERS: 1 .. 40,1,1.0,2:2.-1-.0:3.4.0:4,6.5:5,7.0:6,8.5: 

OSTAT:LNQ(l).NUM STA1 Q:2,NQ(2).NlTM STA2 Q:3,NQ(3),NL~r STA3 Q: 
4,NQ('+),NL'N1 STA4 Q:5,NQ(5).AGV STA5 Q:6.NQ(6).AGV STA1 Q: 
7,:'{Q(7),NIDIr AGV STA2 Q:8,NQ(8),NlJ1.[ AGV STA3 Q: 
9,NQ(9),NlJ~I AGV STA4 Q: 
lO,NR(1 ) ,TOT UTIL STA1: 1 LNR(2),TOT UTIL STA1: 
12,::-ffi!,3),TOT UTIL STA3: 13,NR(.+),TOT LTIL STA..J.: 
l.+,NT(l ),TOT AGV UTIL; 

TRAl'ISPORTERS: 1 ,AGV, 1,1,1 00.0,5-A; 

DISTANCES: 1,1-5,75,125,100,63/100.125,138/75.138/63; 
COUNTERS: 1,PART TYPEl 1 PROC: 
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2,PART TYPE 2 PROC: 
3.\VEEK 1 THRUPUT: 
-J.,WEEK 2 THRUPUT: 
5,WEEK 3 THRUPUT: 
6,WEEK -J. THRUPUT: 
7.WEEK 5 THRUPUT: 
8,\VEEK 6 THRUPUT: 
9,WEEK 7 THRUPUT: 
lO,WEEK 8 THRUPUT: 
11,WEEK 9 THRUPUT: 
12,WEEK 10 THRUPUT: 
I3.END SIMULATION.!: 
SEQUENCES: 1,1/3/4/5:2,2/3/4/5; 
REPLICATE,5,0.0",,-J.800.00 I: 
END; 
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,-\PPE;\DIX D 

PILOT STLDY fOR .\I.-\CHI:\E F'-\ILl'RE \IODEL 



:\IODEL FILE FOR PILOT STUDY FOR ;\IACHI;'\JE FAILLRE ;\lODEL 

BEGIN: 

CREATE, 1.EX(1.1 ):EX(2,1 ):MARK( l); 
ASSIGN:A(2 )=DP( l,2); 

STA ASSIGN:M=S; 
ASSIGN:NS=A(2); 
ASSIGN:A(5)=M: 

AGV B.8..A!.'fCH, l: 
IF.A(S).EQ.S.~'iD.AC2).EQ.l.CHECK5: 

IF.A(5).EQ.S.AND.A(2).EQ.2,CHECKIO: 
IF.A(5).EQ.l.AND.AI,2).EQ.l.CHECK6: 
IF.A(S).EQ.l.AND.A(2).EQ.2.CHECKll: 
IF.A(5).EQ.2.AND.A(2).EQ.l,CHECK7: 
IF.A(5).EQ.2.A1'ID.A(2).EQ.2,CHECKI2: 
IF.A(5).EQ.3.AND.A(2}.EQ.l.CHECK8: 
IF.A(5).EQ.3.A1'\ID.A(2).EQ.2.CHECKl3: 
IF.A(5 ).EQA.AND.A(2).EQ.l ,CHECK9: 
ELSE,CHECK l4: 

CHECK5 ASSIGN:A(7)=l; 
BRANCH. I: 
IF.NQ(5).EQ.O,Q5: 
ELSE.\VAITl; 

\VAITl QUEUE,15; 
WAIT:A(7):NEXT( CONT I); 

Q5 QUEUE.5: 
REQUEST:AGV(SDS,3 ); 
ASSIGN:X( lO)=NQ( l5)+ l: 
SIGNAL:A( 7); 

COl'fn QUEUE.25; 
GROUP:X(lO).FIRST:NEXT(GO); 
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CHECKIO ASSIGN:A(7)=2; 
BRAN"CH.l: 
IF.NQ( 1O).EQ.O.Q 10: 
ELS E. WAlT2: 

WAIT2 QUEUE.20; 
WAIT:A( 7):NEXT( CONT1); 

Q 10 QUEUE,.lO; 
REQUEST:AGV(SDS.3 ); 
ASSIGN:X( 1 O)=NQ(20)+ t: 
SIGNAL:A( 7); 

CONT2 QUElJEJO: 
GROUP:X( 1O)'FIRST:NEXT(GO); 

CHECK6 ASSIGN:AO)=3: 
BRA.l'iCH,l: 
IF.NQ(6).EQ.O.Q6: 
ELSE.\VAIT3; 

\VAIT3 QUEUE.t6: 
W AIT:A( 7):NE~i( CONT3); 

Q6 QUEUE.6; 
REQCEST:AGV(SDS.3 ): 
ASSIGN:X( lO)=NQ( 16)+ t: 
SIGNAL:A( 7); 

CONT3 QUEUE.26: 
GROr.JP:X( 1O).FIRST:NEXT(GO); 

CHECK 1 t ASSIGN:A(7)=4; 
BRAL"fCH.l: 
IF.NQ( t 1 ).EQ.O.Q 11: 
ELSE.WAIT4; 

WAIT4 QUEUE.21; 
\VAlT:A(7):NEXi(CONT4); 
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Ql1 QUEUE,ll; 
REQUEST:AGV(SDS,3 ): 
ASSIGN:X(lO)=NQ(21 )+1; 
SIGNAL:A(7); 

CONT4 QUEUE,31: 
GRO UP:X( 1 O).FIRST:NEXT( GO); 

CHECK7 ASSIGN:A(7)=5; 
BR.~'\fCH.l: 

IF,NQ(7).EQ.O.Q7: 
ELSE.WAIT5; 

W,<-\IT5 QUEUE.17; 
WAIT:A( 7):NEXT( CONT5): 

Q7 QUEUE.7: 
REQUEST:AGV(SDS,3 ); 
ASSIGN:X(lO)=NQ(l7)+l; 
SIGNAL:A( 7); 

CONT5 QUEUE.27; 
GROUP:X( lO).FIRST:NEXT(GO); 

CHECK12 ASSIGN:A(7)=6; 
BR.<\NCH.l : 
IF.NQ( 12).EQ.O.Q 12: 
ELSE,\VAIT6; 

WAIT6 QUEUE.22: 
\VAIT:A(7):NEXT(CONT6); 

Q12 QUEUE,12; 
REQUEST:AGV(SDS,3 ); 
/\SSIGN:X( 1O)=NQ(22)+ 1; 
SIGNAL:A(7); 

CON'T6 QUEUE,32; 
GROUP:X(10),FIRST:NEXT(GO); 
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CHECKS ASSIGN:A(7)=7; 
BRAl'iCH.l: 
IF.~Q(S).EQ.O,QS: 

ELSE,WAlT7; 

WA..IT7 QUEUE,lS; 
\VAlT:A( 7):NEXT(CO~17); 

Q8 QUEUE,S; 
REQUEST:AGV(SDS,3 ); 
ASSIGN:X( 1 O)=NQ( 18)+ 1; 
SIGNAL:A(7); 

CONT7 QUEUE.2S; 
GROUP:X( lO),FIRST:NEXT(GO); 

CHECK13 ASSIGN:A(7)=S; 
BRAl'lCH,l: 
IF.NQ( 13 ).EQ.O.Q 13: 
ELSE,WAlTS; 

\VAIT8 QUEUE.23; 
WAIT:A( 7):NEXT(CO~:TS); 

Q l3 QUEUE.l3; 
REQUEST:AGV(SDSJ); 
ASSIGN:X( 1 O)=NQ(23)+ 1; 
SIGNAL:A(7); 

CONTS QUEUEJ3: 
GROUP:X( 1 O),FIRST: NEX'T( GO); 

CHECK9 ASSIGN:A( 7)=9; 
BRAl"l'CH.1 : 
IF,NQ(9).EQ.O,Q9: 
ELSE,WAIT9; 

\VA.IT9 QUEUE.l9; 
WA1T:A( 7):NEXT( CONT9); 
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Q9 QUEUE,9; 
REQUEST:AGV(SDS.3 ): 
ASSIGN:X(lO)=NQ( 19)+ 1; 
SIGNAL:A(7): 

CONT9 QUEUE.29: 
GROUP:X( lO),FIRST:NEXT(GO); 

CHECK14 ASSIGN:A(7)=10: 
BRANCH. I: 
IF,NQ(14).EQ.O.Q 14: 
ELSE.\VAITlO; 

WAITlO QUEUE.2 .. J.; 
WAIT:A(T):NEXT(CONT10); 

Q 14 QUEUE,l4: 
REQUEST:AGV(SDS,3 ); 
ASSIGN:X( 1 O)=NQ(24)+ l; 
SIGNAL:A(7): 

CONTlO QUEUE,34; 
GROUP:X( lO).FIRST:NEXi(GO): 

GO TRA1'\fSPORT:AGV(A(3».SEQ: 

STATION.l .. 4; 

FREE:AGV(A(3)): 

SPLIT:M.NS,IS; 
ASSIGN:A(5)=M: 

ASSIGN:A(4)=i\I+2; 
ASSIGN:A(6)=EX(A(4),3 ): 
QUEUE.M: 
SEIZE:MACHI~E(i\I ): 
DELAY:A(6); 
RELEASE:MACHlNE(M):NE\.i(AGV); 
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STATION,5; 

FREE:AGV(A(3 »: 

SPLIT:.M.NS,IS; 

TALLY: 1 ,INTO ); 
!TIME IN SYSTEiv[ ASSIGN:X(l7)=X(l7)+1: 
COUNT:A(2), 1 :DISPOSE; 

CREATE: 
THRUPul DELAY:960.0; 
ASSIGN:X( 18)=X( 1S)+ 1: 
COUNT:X( 1SJ.X\ 17); 
ASSIGN:X( 19)=X( 19)+ 1: 

BRA1'lCH.l: 
IF,X( 19).LT.X(20).NEX"T: 
ELSE.STATS; 

NEXT ASSIGN:X( 17)=O:NEXT(THRUPul); 

STATS ASSIGN:X( 1 )=DAVG(5)/X(30); 
TALLY:2.X( 1); 

ASSIGN:X(l)=DAVG(6)/X(31 ); 
TALLY:3.X( 1); 

ASSIGN:X(l )=DAVG(7)/X(32); 
TALLY:..J.,X( 1); 

ASSIGN:X( 1 )=DAVG(8 )/X(33): 
TALLY:5.X( 1); 

ASSIGN:X(l )=DAVGt9)/X(3..J.); 
TALLY:6,X( 1); 

CO~1:53,1; 

END; 
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EXPERI:\IE~T"\L FR'-\:\IE FOR PILOT STCDY 
FOR :\l.-\CHINE F.-\ILVRE :'tIODEL 

BEGIN: 
PROJECT,PILOT MODEL2.R. \VILD.7/1S/88; 
DISCRETE. 1 000.7.34,5: 

RESOURCES: l-+.MACHINE,SCHED(l ),SCHED(2 ).SCHED(3 ).SCHED(..J.); 

SCHEDULES: 1.3*EX(7.5),2*UN(8,9):2 • ..J.*EX(7.6),3*UN(8,9): 
3 A* EX(7, T),3*UN(8,9):4,5* EX(7.8 ),..J.*UN(8.9): 

'~..\LLIES: I.TL.v[E IN SYSTEM: 
2.uilL STATION 1: 
3.lfTlL STATION 2: 
U_HIL STATION 3: 
5.uiIL STATION 4: 
6,UTIL AGV; 

RA .. NKINGS: 1-4.LVF(6); 

INITIALIZE.X( 17)=0.X( 18 )=2.X( 19)= I.X(20)=51.X(..J.8)=2..J.OOO, 
X(30)=3.X(31 )=4.X(32)=4.X(33 )=5.X\34)=1: 

PARAly[ETERS: 1 .. 50.1 ,1.0.2:2,2.0:3.6.0:..J..6.5:5.6.5:6.8.5: 
7.1920.0:8,120.0.150.0: 

DSTAT: l.NQ(l ),Nm,r STA 1 Q:2.NQ(2),NlJM STA2 Q:3,~Q(31.Nl.;~I STA3 Q: 
..J.,NQ(..J.).Nu~1 STA..J. Q:5.NR(l ),TOT UTIL STAl:6,:--m.(2).TOT UTIL STA2: 
7.NR(3),TOT UTIL STA3:8.~'R(..J.),TOT LilL STA..J.: 
9.NTO ),TOT AGV UTIL: 

TRAJ.'ISPORTERS: I.AGV,2.1, 100.0.5-A,5-.-\.; 

DISTANCES: 1,1-5,75,125,100,63/100,125.138175,138/63; 
COUNTERS:l,PART TYPEl 1 PROC: 
2,PART TYPE 2 PROC: 
3,DAY 1 THRLt>UT: 
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"+.DAY 2 THRUPUT: 
5.DAY 3 THRl)"PUT: 
6.DAY ..+ THRlTPUT: 
7.DAY 5 THRUPlTT: 
8.DAY 6 THRUPUT: 
9.DAY 7 THRUPUT: 
10.DAY 8 THRUPUT: 
1 1 ,DAY 9 THRUPUT: 
12,DAY 10 THRUPliT: 
13.DAY 11 THRUPUT: 
l..+,DAY 1:2 THRUPUT: 
lS,DAY 13 THRUPUT: 
16,DAY 1..+ THRUPUT: 
17,DAY 15 THRUPCT: 
lS,DAY 16 THRUPUT: 
19.DAY 17 THRlJPUT: 
20,DAY 18 THRUPUT: 
21,DAY 19 THRUPUT: 
22.DAY 20 THRUPUT: 
23.DAY 21 THRUPUT: 
2"+.DAY 22 THRUPUT: 
25,DAY 23 THRlJPUT: 
26,DAY 2..+ THRUPUT: 
27.DA Y 25 THRUPUT: 
28,DAY 26 THRUPUT: 
29,DAY 27 THRUPUT: 
30.DAY 28 THRUPUT: 
31,DAY 29 THRUPUT: 
32,DAY 30 THRUPUT: 
33,DAY 31 THRUPUT: 
3..+,DA Y 32 THRUPUT: 
35,DAY 33 THRUPUT: 
36,DAY 3..+ THRUPUT: 
37,DAY 35 THRUPUT: 
38,DAY 36 THRUPUT: 
39,DAY 37 THRUPUT: 
"+O,DAY 38 THRUPUT: 
"+1,DAY 39 THRUPUT: 
"+2,DAY 40 THRUPlTT: 
"+3,DAY 41 THRUPUT: 
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-+4,DAY 42 THRUPUT: 
45,DAY 43 THRUPUT: 
46,DAY 44 THRUPUT: 
47.DAY 45 THRUPUT: 
48.DAY 46 THRUPUT: 
49.DAY 47 THRUPUT: 
50,DAY 48 THRUPUT: 
51.DAY 49 THRUPUT: 
52,DAY 50 THRUPUT: 
53.END OF SIMULATION.l; 
SEQ UENCES: 1.1i4/3/2/5 :2.4/2/ 1/3/5; 
REPLICATE.5 .0.0; 
END: 
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.-\PPE;'\iDIX E 

REVERSE SL\ll:L\TIOi\ CODE FOR \I.-\CHI:\E F.-\ILl'RE \IODEL 



\IODEL FILE FOR REVERSE SnILL.-\TIO\i 
FOR :\I.-\CHI~E F.-\ILLRE \IODEL 

BEGIN; 

CREATE.l.EX( 1,1 ):EX( 1.1 ):M.-\RK( 1); 
ASSIGN:A(2):=DP(2.2 ); 
ASSIGN:M=5: 
ASSIGN:NS=A(2): 
ASSIGN:A(5)=M: 

EVE0iT:3; 

BRfu~CH.l: 

IF.X(-l.4).EQ.l.CHAl"fGE: 
ELSE.AGV; 

CHANGE ASSIGN:X(44 )=0: 
ACTIVATE:AGV(X( 50»: 

AGV BR'-\~CH.l: 
IF.A(5).EQ.5.Q5: 
IF.A(5 ).EQA.Q 10: 
IF.A(5).EQ.3.Qll: 
IF.A(5).EQ.2.Q 12: 
ELSE.Q13; 

Q5 QUEUE.5: 
REQUEST:AGV(SDS.3):NEXT(GO); 

Q lO QUEUE,lO; 
REQUEST:AGV(SDS.3 ):.\l'EAl( GO); 

Qll QUEUE.ll; 
REQUEST:AGV(SDS.3 ):NEXT( GO); 

Q 12 QUEUE,12; 
REQUEST:AGV(SDS.3):NEXT(GO); 
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Q13 QUEUE.13; 
REQUEST:AGV(SDSJ):NEXT(GO); 

GO TRA.t'iSPORT:AGV(A(3 )),SEQ: 

STATION.l-4; 

FREEL FREE:AGV(A(3)); 
ASSIGN:A(S)=M; 

B R .. -\J."fCH.l : 
IF,NT( 1 ).LT.X(37).AND.X(37).NE.1 ,GO 1: 
ELSE,G02: 

GO 1 EVENT:4: 

HALT:AGV(X(50)); 

G02 BRANCH: 
AL\VAYS,Q: 
AL\VAYS,CHECKl: 

Q ASSIGN:A(.+)=iv1+2; 
ASSIGN:A(6 )=EX(A(4),3): 
QUEUE.lvl: DETACH; 
CHECKl EVENT: 1; 

BRAl'l"CH, l: 
IF.X(42).EQ.l,COND: 
ELSE,CONTl; 

COND BRA~CH.l: 
IF.X(43).EQ.l.REM l: 
ELSE,REM2; 

REMl ASSIGN:X(43)=M; 
REMOVE: 1 ,X(.+3 ).PROCESS:DISPOSE; 

REM2 BRANCH: 
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ALWAYS,QMACH: 
AL\VAYS,REM 1: 

PROCESS ASSIGN:X(-l-2)=O; 
ASSIGN:X(-l-3)=0: 
DELAY:A(b); 
ASSIGN:X(:,'I+-l- )=X(~1+4)+ 1; 
ASSIGN:XCvl+8)=XUvl+8)-1; 

ASSIGN:X(;\.tI+ 12)=X( :VI+ 12)-1.0; 

BRAJ."fCH: 
AL\VAYS,AGV: 
AL\VAYS,CHKQ; 

CHKQ BRA '\fCRl : 
IF.NQCvl).GT.O.CHECKl: 
ELSE,CHECK:2; 

QMACH BR.-\.l'\ICH,l: 
IF.M.EQ.l.Q6: 
IF,M.EQ.2.Q7: 
IF.M.EQ.3.Q8: 
ELSE,Q9; 

Q6 QUEUE,6:DETACH: 
Q7 QUEUE.7:DETACH; 
Q8 QUEUE,8:DETACH; 
Q9 QUEUE.9:DETACH; 

CHECK2 EVENT::2: 
CONT1 ASSIGN:X(2)=O:DISPOSE; 

STATION.5; 

FREE2 FREE:AGV(A(3): 

BR.;\NCH,1: 
IF,NT( 1 ).LT.X(37).Pu"lD.x(37).NE.1 ,G03: 
ELSE,G04; 
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G03 EVENT:4; 

HALT:AGV(X(50)); 

GO-J. TALLY:1.h'Jl(l); 
COUNT:3.1; 
COUNT:A(2), 1 :DISPOSE; 

CREATE; 
ASSIGN:A( 1)= L; 
CYCLEl DELAY: EX(7.-J.); 
ASSIGN:A(2)= 1 :NEAl( CONT2); 

CREATE; 
ASSIGN:A( 1 )=2; 
CYCLE2 DELAY:EX(7.5); 
ASSIGN:A~2)= 1 :NE\.1(CONT2); 

CREATE; 
ASSIGN:A( 1 )=3; 
CYCLE3 DELAY:EX(7.6); 
ASSIGN:A(2)= 1 :NEXT( CONT2); 

CREATE; 
ASSIGN:A( 1 )=-J.; 
CYCLE4 DELAY:EX(7.7); 

CONT2 EVENl:5; 

BRA..l'fCH: 
AL\VAYS,REPAIR: 
AL\VAYS,ADDMACH; 

REPAIR DELAY:UN(8,8); 

BRfu\fCH: 
ALWAYS,CYCLE: 
AL\VAYS,CH}Cv!CH; 
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CYCLE BRANCH,l: 
IF,A(l ).EQ.l,CYCLEl: 
IF,A( 1 ).EQ.2,CYCLE2: 
IF,A( 1 ).EQ.3,CYCLE3: 
ELSE,CYCLE4; 

CHK1\1CH EVENT:6; 

BRAl'J"CH,l: 
IF,X(49).EQ.l,REMQ: 
ELSE,DONE; 

REMQ ASSIGN:X(49)=A( L )+5; 
REMOVE: 1 ,X( 49),DONE:DISPOSE; 

ADDMACH BRANCH,l: 
IF,X(49).EQ.l,PUTQ: 
ELSE,DONE; 

PUTQ BRANCH,l: 
IF,A(l).EQ.l.Q6: 
IF.A(l ).EQ.2,Q7: 
IF,A( 1 ).EQ.3,Q8: 
ELSE,Q9; 

DONE ASSIGN:A(3)=l:DISPOSE; 

CREATE; 
DELAY:X(48); 

ASSIGN:X(49)=DAVG(l )/X( l); 
TALLY:2,X(49); 
ASSIGN:X(49)=DAVG(2)/X(2); 
TALLY:3,X(49); 
ASSIGN:X( 49)=DAVG(3 )/X(3); 
TALLY:4,X(49); 
ASSIGN :X( 49)=DAVG( 4 )/X( 4); 
TALLY:5,X(49); 
ASSIGN:X(49)=DAVG(5)/X(37); 
TALLY:6,X(49); 
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COUNT:4,1; 
END· , 
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EXPERIMENTAL FRAME FOR REVERSE SIMULATION 
FOR MACHINE FAILURE MODEL 

BEGIN; 
PROJECT,REVERSE SIMULATION MFM,R. WILD,7/18/88; 
DISCRETE,500,6,13,5; 

TALLIES:1,TIME IN SYSTEM: 
2,UTIL STATION 1: 
3,UTIL STATION 2: 
4,UTIL STATION 3: 
5,UTIL STATION 4: 
6,UTIL AGV; 

INITIALIZE,X( 1)=1,x(2)=1,x(3)=1,x( 4)=l,X(5)=1,x(6)=1, 
X(7)=1,X(8)=1,.t'X(17)=1,x(22)=1,X(27)=1,x(32)=1,X(37)=1, 
X(39)= 1.0,X( 48 )=48000,X(50)=2; 

RANKINGS: 1-4,LVF(6); 
ARRIVALS: 1 ,QUEUE(6),0.0, 1 :2,QUEUE(7),0.0, 1 :3,QUEUE(8),0.0,l: 
4,QUEUE(9),0.0,1; 

PARAMETERS: 1,4.5:2,.50,1,1.0,2:3,6.0:4,6.5:5,6.5: 
6,8.5:7,1920.0:8,120.0,150.0; 

DSTAT:1,X(13),TOTAL UTIL STAI:2,X(l4),TOTAL UTIL STA2: 
3,X(l5),TOTAL UTIL STA3:4,x( 16),TOTAL UTIL STA4: 
DSTAT:1,x(13),TIME 6 MACH STA4:2,X(14),TIME 7 MACH STA4: 
3,X(l5),TIME 8 MACH STA4:4,X(16),TJ1vIE 9 MACH STA4: 
5,NT(l),TOTAL UTIL AGV: 
6,NQ(1),STA 1 Q:7,NQ(2),STA 2 Q:8,NQ(3),STA 3 Q:9,NQ(4),STA 4 Q: 
1O,NQ(5),AGV Q5:11,NQ(6),NUMB MACH STA1:12,NQ(7),NUMB MACH STA2: 
13,NQ(8),NUNIB MACH STA3: 14,NQ(9),N{Th;IB MACH STA4: 
15,X(17),TIME 1 MACH STA1:16,X(18),TIME 2 MACH STAl: 
17,x(l9),TIME 3 MACH STA1:18,X(20),TJ1vIE 4 MACH STAl: 
19,x(21),TIME 5 MACH STAl:20,X(22),TIME 1 MACH STA2: 
21,x(23),TIME 2 MACH STA2:22,X(24),TJ1vIE 3 MACH STA2: 
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23,X(25),TIME 4 MACH STA2:24,X(26),TllvIE 5 MACH STA2: 
25,x(27),TIME 1 MACH STA3:26,X(28),TllvIE 2 MACH STA2: 
27,X(29),TIME 3 MACH STA3:28,X(30),TllvIE 4 MACH STA3: 
29,X(31),TIME 5 MACH STA3:30,X(32),TllvIE 1 MACH STA4: 
31,X(33),TIME 2 MACH STA4:32,X(34),TllvIE 3 MACH STA4: 
33,X(35),TIME 4 MACH STA4:34,X(36),TIME 5 MACH STA4: 
35,X(39),TIME 1 AGV:36,X(40),TIME 2 AGV:37,X(41),TIME 3 AGV: 
38,X(37),NUMB AGVS:39,NQ(1O),AGV Q4:40,NQ(1l),AGV Q3: 
41,NQ(l2),AGV Q2:42,NQ(13),AGV Ql:43,X(1),NUM MACH STA1: 
44,X(2),NUM MACH STA2:45,X(3),NUM MACH STA3: 
46,x( 4 ),NUM MACH STA4; 

TRANSPORTERS:1,AGV,5,1,100.0,5-A,5-I,5-I,5-I,5-I; 
DISTANCES: 1,1-5,75,125,100,63/100,125,138/75,138/63; 
COUNTERS: 1,PART TYPE 1 PROC: 
2,PART TYPE 2 PROC: 
3,TOTAL THROUGHPUT: 
4,END SIMULATION,1; 
SEQUENCES: 1,1/4/3/2/5:2,4/2/1/3/5; 
REPLICATE,3,0.0",,9600.0; 
END; 
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EXPERT SYSTEM CODE FOR MACHINE FAILURE MODEL 

C 
SUBROUTINE EVENT(JOB,I) 
C 
INCLUDE 'D..REVSIM.VAR' 
GOTO (1,2,3,4,5,6) I 
1 CALL MACH_CAP(JOB) 
RETURN 
2 CALL DECREASE.MACH(JOB) 
RETURN 
3 CALL AGV(JOB) 
RETURN 
4 CALL AGV..DECR(JOB) 
RETURN 
5 CALL REPAIR(JOB) 
RETURN 
6 CALL UPTIME(JOB) 
RETURN 
END 
C 
SUBROUTINE MACH_CAP(JOB) 
C 
INCLUDE 'D..REVSIM.VAR' 
M = A(JOB,5) 
UTIL = DAVG(M)/X(M) 
IF (X(M+4) .GT. 0) THEN 
C *** THERE ARE IDLE MACHINES *** 
C *** DECREASE THE Nill.tlBER OF IDLE MACHINES *** 
X(M+4) = X(M+4)-1 
C *** INCREASE THE NUMBER OF BUSY MACHINES *** 
X(M+8) = X(M+8)+1 
C *** INDICATE UTILIZATION *** 
C C X(M+12) = X(M+12)+1.0 
C *** INDICATE REMOVE FROM QUEUE *** 
X(42) = 1 
C *** INDICATE NUMBER OF MACHINES HAS NOT BEEN INCREASED *** 
X(43) = 1 
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RETURN 
ELSE IF (NQ(M) .LE. 2 .AND. UTIL .LT .. 80) THEN 
C *** JOB REMAINS IN QUEUE *** 
X(42) = 0 
RETURN 
ELSE IF (NQ(M) .GT. 2 .AND. NQ(M) .LE. 4 .AND. UTIL .LT. 0.80) THEN 
C *** JOB REMAINS IN QUEUE *** 
X(42) = 0 
RETURN 
ELSE 
IF (X(M) .LE. 4) THEN 
C *** ADD MACHINES *** 
IF (M .EQ. 1) THEN 
J=X(M)+16 
ELSE IF (M .EQ. 2) THEN 
J=X(M)+21 
ELSE IF (M .EQ. 3) THEN 
J=X(M)+26 
ELSE IF (M .EQ. 4) THEN 
J=X(M)+31 
END IF 
C *** INDICATE PERCENTAGE OF UTILIZATION HAS DECREASED *** 
X(J) = X(J)-l.O 
END IF 
C *** MACHINES 6,7,8,9 AT STATION 4 *** 
IF (M .EQ. 4) THEN 
IF (X(M) .EQ. 5) THEN 
J = X(M)+31 
X(I) = X(I) - 1.0 
ELSE IF «X(M) .GT. 5) .AND. (X(M) .LE. 8» THEN 
J = X(M) + 7 
X(I) = X(I) - 1.0 
END IF 
END IF 
C *** ADD TO NUMBER OF BUSY MACHINES *** 
X(M+8) = X(M+8)+1 
C *** ADD TO TOTAL NUMBER OF MACHINES AT STATION *** 
X(M) = X(M)+ 1 
C *** ADD TO PERCENTAGE OF UTILIZATION *** 
C X(M+12) = X(M+12)+1.0 
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C *"'* INDICATE REMOVE A JOB FROM QUEUE "'** 
X(42) = 1 
C "''''''' INDICATE ADD ONE TO MACHINE QUEUE *** 
X(43) = 0 
IF (X(M) .LE. 5) THEN 
IF (M .EQ. 1) THEN 
J=X(M)+16 
ELSE IF (M .EQ. 2) THEN 
J=X(M)+21 
ELSE IF (M .EQ. 3) THEN 
J=X(M)+26 
ELSE IF (M .EQ. 4) THEN 
J=X(M)+31 
END IF 
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C *** ADD PERCENTAGE OF UTILIZATION FOR REVISED MACHINE NUMBER 

*** 
X(J) = X(J,+ 1.0 
END IF 
C *** STATION 4, MACHINES 6,7,8,9 *** 
IF (M .EQ. 4) THEN 
IF( (X(M) .QT. 5) .AND. (X(M) .LE. 9» THEN 
J = X(M) + 7 
X(I) = X(J)+1.0 
END IF 
END IF 
END IF 
RETURN 
END 
C 
SUBROUTINE DECREASEMACH(JOB) 
C 
INCLUDE 'D.REVSIM.VAR' 
M=A(JOB,5) 
C *** ONLY DECREASE THE NUMBER OF MACHINES IF THERE ARE MORE 
THAN ONE *** 
IF (X(M) .GT. 1) THEN 
C *** REMOVE FROM MACHINE QUEUE *** 
NEXT = LFR(M+5) 
CALL REMOVE (NEXT }l1+5) 
CALL DISPOS(NEXT) 
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C *** CHANGE UTILIZATIONS FOR CURRENT AND PREVIOUS NUMBER OF 
MACHINES *** 
IF (X(M) .LE. 5) THEN 
IF (M. EQ. 1) THEN 
J=X(M)+16 
ELSE IF (M .EQ. 2) THEN 
J=X(M)+21 
ELSE IF (M .EQ. 3) THEN 
J=X(M)+26 
ELSE IF (M .EQ. 4) THEN 
J=X(M)+31 
END IF 
C *** DECREASE UTILIZATION FOR PREVIOUS NUMBER OF MACHINES *** 
X(J) = X(I)-l.O 
END IF 
C *** STATION 4, MACHINES 6,7,8,9 *** 
IF (M .EQ. 4) THEN 
IF «X(M) .GT. 5) .AND. (X(M) .LE. 9» THEN 
J = X(M) + 7 
X(J) = X(I) - 1.0 
END IF 
END IF 
C *** DECREASE THE NUMBER IDLE *** 
X(M+4) = X(M+4)-1 
C *** DECREASE THE TOTAL NUMBER OF MACHINES *** 
X(M) = X(M)-l 
UTIL = DAVG(M)/X(M) 
IF (X(M) .LE. 4) THEN 
IF (M .EQ. 1) THEN 
J=X(M)+16 
ELSE IF (M .EQ. 2) THEN 

. J=X(M)+21 
ELSE IF (M .EQ. 3) THEN 
J=X(M)+26 
ELSE IF (M .EQ. 4) THEN· 
J=X(M)+31 
END IF 
C *** INCREASE PERCENTAGE UTILIZATION OF CURRENT NUMBER OF MA

CHINES *** 
X(J) = X(J)+ 1.0 



END IF 
C *** STATION 4, MACHINES 6,7,8,9 *** 
IF (M .EQ. 4) THEN 
IF (X(M) .EQ. 5) THEN 
J = X(M) + 31 
X(I) = X(J) + 1.0 
ELSE IF «X(M) .GT. 5) .AND. (X(M) .LE. 8» THEN 
J = X(M) + 7 
X(J) = X(J) + 1.0 
END IF 
END IF 
END IF 
RETURN 
END 
C 
SUBROUTINE AGV(JOB) 
C 
INCLUDE'D-REVSIM.VAR' 
UTILAGV = DAVG(5)/X(37) 
IF (UTILAGV .GE. 0.8) THEN 
IF (X(37) .EQ. 1) THEN 
X(39) = 0.0 
X(40) = 1.0 
ELSE IF (X(37) .EQ. 2) THEN 
X(40) = 0.0 
X(41) = 1.0 
END IF 
X(37) = X(37) + 1 
IF (X(37) .LE. 5) THEN 
X(44) = 1 
ELSE 
X(44) = 0 
X(37) = 5 
END IF 
END IF 
RETURN 
END 
C 
SUBROUTINE AGV.J)ECR(JOB) 
C 
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INCLUDE 'D..REVSIM.VAR' 
IF (X(37) .GT. 1) THEN 
C *** DECREASE NU1vIBER OF AGV'S *** 
IF (X(37) .GT. 5) THEN 
X(50)=5 
ELSE 
X(50) = X(37) 
END IF 
C *** NU1vIBER FOR DEACTIVATED AGV *** 
X(37) = X(37) - 1 
IF (X(37) .EQ. 1) THEN 
X(40) = 0.0 
X(39) = 1.0 
ELSE IF (X(37) .EQ. 2) THEN 
X(41) = 0.0 
X(40) = 1.0 
END IF 
END IF 
RETURN 
END 
C 
SUBROUTINE REPAIR(JOB) 
C 
INCLUDE 'D..REVSIM.VAR' 
M = A(JOB,I) 
IF (X(M+4) .LE. 0) THEN 
C *** ADD ONE MACHINE AND BREAKDOWN - NONE IDLE *** 
IF (X(M) .LE. 4) THEN 
IF (M .EQ. 1) THEN 
J=X(M)+16 
ELSE IF (M .EQ. 2) THEN 
J=X(M)+21 
ELSE IF (M .EQ. 3) THEN 
J=X(M)+26 
ELSE IF (M .EQ. 4) THEN 
J=X(M)+31 
END IF 
X(J) =: X(J) - 1.0 
END IF 
C *** STATION 4, MACHINES 6,7,8,9 *** 
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IF (M .EQ. 4) THEN 
IF (X(M) .EQ. 5) THEN 
J = X(M) + 3L 
X(J) = X(J) - 1.0 
ELSE IF «X(M) .GT. 5) .AND. (X(M) .LE. 8» THEN 
J = X(M) + 7 
X(J) = X(J) - 1.0 
END IF 
END IF 

C *** ADD A MACIDNE *** 
X(M) = X(M) + 1 
X(49) = L 
CALL SETA(JOB,4,l) 
C *** CHANGE PERCENTAGE OF CURRENT NUMBER OF MACHINES *** 
IF (X(M) .LE. 5) THEN 
IF (M .EQ. 1) THEN 
J = X(M)+16 
ELSE IF (M .EQ. 2) THEN 
J = X(M)+21 
ELSE IF (M .EQ. 3) THEN 
J = X(M)+26 
ELSE IF (M .EQ. 4) THEN 
J = X(M)+31 
END IF 
X(J) = X(J)+ 1.0 
END IF 
C *** STATION 4, MACHINES 6,7,8,9 *** 
IF (M .EQ. 4) THEN 
IF «X(M) .GT. 5) .AND. (X(M) .LE. 9» THEN 
1= X(M) + 7 
X(I) = X(I) + 1.0 
END IF 
END IF 
ELSE 
X(M+4) = X(M+4) - 1 
X(49) = 0 
CALL SETA(JOB,4,O) 
END IF 
RETURN 
END 
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C 
SUBROUTINE UPTIME(JOB) 
C 
INCLUDE 'D.REVSINI.VAR' 
M = A(JOB,l) 
IF (A(JOB,4) .EQ. 1) THEN 
C ** THEN A MACHINE HAD BEEN ADDED ** 
IF (X(M+4) .GT. 0) THEN 
C ** THERE ARE IDLE MACHINES, REMOVE ADDED MACHINE ** 
IF (X(M) .LE. 5) THEN 
IF (M .EQ. 1) THEN 
J=X(M)+16 
ELSE IF (M .EQ. 2) THEN 
J=X(M)+21 
ELSE IF (M .EQ. 3) THEN 
J=X(M)+26 
ELSE IF (M .EQ. 4) THEN 
J=X(M)+31 
END IF 
X(J) = X(J)-l.O 
END IF 
C *** STATION 4, MACHINES 6,7,8,9 *** 
IF (M .EQ. 4) THEN 
IF «X(M) .GT. 5) .AND. (X(M) .LE. 9» THEN 
J = X(M) + 7 
X(J) = X(I) - 1.0 
END IF 
END IF 
X(M)=X(M)-1 
X(49) = 1 
C *** ADD CURRENT PERCENTAGE OF NUMBER OF MACHINES *** 
IF (X(M) .LE. 4) THEN 
IF (M .EQ. 1) THEN 
J=X(M)+16 
ELSE IF (M .EQ. 2) THEN 
J=X(M)+21 
ELSE IF (M .EQ. 3) THEN 
J=X(M)+26 
ELSE IF (M .EQ. 4) THfu'l" 
J=X(M)+31 
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END IF 
X(J)=X(J)+ 1.0 
END IF 
C *** STATION 4, MACHINES 6,7,8,9 *** 
IF (M .EQ. 4) THEN 
IF (X(M) .EQ. 5) THEN 
J = X(M)+31 
X(J) = X(J)+ 1.0 
ELSE IF «X(M) .GT. 5) .AND. (X(M) .LE. 8» THEN 
J = X(M)+7 
X(J)=X(J)+ 1.0 
END IF 
END IF 
ELSE 
C ** THERE ARE NO IDLE MACHINES, MAKE NEW MACHINE IDLE ** 
X(M+4) = X(M+4) + 1 
END IF 
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C ** A MACHINE HAD NOT BEEN ADDED, NOW MAKE ONE MADE BROKEN 
IDLE ** 
ELSE 
X(M+4)=X(M+4) + 1 
X(49) = 0 
END IF 
RETURN 
END 
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. APPENDIX F 

EXPERIMENTS FOR MACHINE FAILURE MODEL 



MODEL FILE FOR MACHINE FAILURE MODEL EXPERIMENTS 

BEGIN; 

CREATE,I,EX(2,1):EX(2,l):MARK(I); 
ASSIGN:A(2)=DP(l,2); 
, 
STA ASSIGN:M=5; 
ASSIGN:NS=A(2); 
ASSIGN:A(5)=M; 
, 
AGV BRANCH,I: 
IF,A(5).EQ.5.AND.A(2).EQ.I,CHECK5: 
IF,A(5).EQ.5.AND.A(2).EQ.2,CHECKIO: 
IF,A(5).EQ.I.AND.A(2).EQ.I,CHECK6: 
IF,A(5).EQ.I.AND.A(2).EQ.2,CHECKII: 
IF,A(5).EQ.2.AND.A(2).EQ.I,CHECK7: 
IF,A(5).EQ.2.A...l\ID.A(2).EQ.2,CHECKI2: 
IF,A(5).EQ.3.AND.A(2).EQ.I,CHECK8: 
IF,A(5).EQ.3.AND.A(2).EQ.2,CHECKI3: 
IF,A(5).EQ.4.AND.A(2).EQ.I,CHECK9: 
ELSE,CHECKI4; 

CHECK5 ASSIGN:A(7)=I; 
BRANCH,I: 
IF,NQ(5).EQ.O,Q5: 
ELSE,WAITl; 

WAITI QUEuE,15; 
W AIT:A(7):NEXT(CONT l); 

Q5 QUEUE,5; 
REQUEST:AGV(SDS,3); 
ASSIGN:X(1O)=NQ(15)+I; 
SIGNAL:A(7); 
. , . 

CONTI QUEUE,25; 
GROUP:X(IO),FIRST:NEXT(GO); 
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, 
CHECK! 0 ASSIGN:A(7)=2; 
BRANCH,l: 
IF,NQ( 1 O).EQ.O,Q 10: 
ELSE,WAIT2; 

WAIT2 QUEUE,20; 
WAIT:A(7): NEXT(CONT2); 

QlO QUEUE,lO; 
REQUEST:AGV(SDS,3); 
ASSIGN:X( 1 0)=NQ(20)+ l; 
SIGNAL:A(7); 
, 
CONT2 QUEUE,30; 
GROUP:X( lO),FIRST:NEXT(GO); 

CHECK6 ASSIGN:A(7)=3; 
BRANCH,l: 
IF,NQ(6).EQ.0,Q6: 
ELSE,WAIT3; 

WAIT3 QUEUE,l6; 
WAIT:A(7):NEXT(CONT3 ); 
, 
Q6 QUEUE,6; 
REQUEST:AGV(SDS,3); 
ASSIGN:X( lO)=NQ( 16)+ l; 
SIGNAL:A(7); 
, 
CONT3 QUEUE,26; 
GROUP:X(lO),FIRST:NEXT(GO); 

CHECKll ASSIGN:A(7)=4; 
BRANCH,!: 
IF,NQ(ll).EQ.O,Qll: 
ELSE,WAIT4; 
, 
WAIT4 QUEUE,2!; 
WAIT:A(7):NEXT(CONT4 ); 
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Qll QUEUE,ll; 
REQUEST:AGV(SDS,3 ); 
ASSIGN:X( 1 O)=NQ(21)+ 1; 
SIGNAL:A(7); 

CONT4 QUEUE,31; 
GROUP:X(10),FIRST:NEXT(GO); 

• 
CHECK7 ASSIGN:A(7)=5; 
BRANCH,I: 
IF,NQ(7).EQ.O,Q7: . 
ELSE,WAIT5; 

V/AIT5 QUEUE,17; 
W AIT:A(7):NEXT(CONT5); 

Q7 QUEUE,7; 
REQUEST:AGV(SDS,3 ); 
ASSIGN:X( 1 O)=NQ( 17)+ 1; 
SIGNAL:A(7); 
, 
CONT5 QUEUE,27; 
GROUP:X( 10),FIRST:NEXT(GO); 
, 
CHECK12 ASSIGN:A(7)=6; 
BRANCH,I: 
IF,NQ(l2).EQ.O,Q 12: 
ELSE,WAIT6; 

WAIT6 QUEUE,22; 
WAIT:A(7):NEXT(CONT6); 

Q12 QUEUE,12; 
REQUEST:AGV(SDS,3 ); 
ASSIGN:X( 1 O)=NQ(22)+ 1; 
SIGNAL:A(7); 
, 
CONT6 QUEUE,32; 
GROUP:X( 10),FIRST:NEXT(GO); 
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, 
CHECK8 ASSIGN:A(7)=7; 
BRANCH,I: 
IF,NQ(8).EQ.O,Q8: 
ELSE, WAIT7; 

WAIT7 QUEUE,18; 
W AIT:A(7):NEXT(CONTI); 
, 
Q8 QUEUE,8; 
REQUEST:AGV(SDS,3); 
ASSIGN:X(10)=NQ(18)+1; 
SIGNAL:A(7); 

CONT7 QUEUE,28; 
GROUP:X(lO),FIRST:NEXT(GO); 
, 
CHECK13 ASSIGN:A(7)=8; 
BRANCH, 1: 
IF,NQ(13).EQ.O,Q13: 
ELSE,WAIT8; 

WAIT8 QUEUE,23; 
WAIT:A(7):NEXT(CONT8); 

Q13 QUEUE,13; 
REQUEST:AGV(SDS,3); 
ASSIGN:X( 1 O)=NQ(23)+ 1; 
SIGNAL:A(7); 

CONT8 QUEUE,33; 
GROUP:X(lO),FIRST:NEXT(GO); 
, 
CHECK9 ASSIGN:A(7)=9; 
BRANCH, I: 
IF,NQ(9).EQ.O,Q9: 
ELSE,WAIT9; 

WAIT9 QUEUE,19; 
WAIT:A(7):NEXT(CONT9); 
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Q9 QUEUE,9; 
REQUEST:AGV(SDS,3); 
ASSIGN:X(1O)=NQ(19)+1; 
SIGNAL:A(7); 

CONT9 QUEUE,29; 
GROUP:X( IO),FIRST:NEXT(GO); 

CHECKl4 ASSIGN:A(7)=IO; 
BRANCH, I: 
IF,NQ(l4 ).EQ.O,QI4: 
ELSE,WAITlO; 

WAITlO QUEUE,24; 
WAIT:A(7):NEXT(CONTIO); 

Q14 QUEUE,14; 
REQUEST:AGV(SDS,3); 
ASSIGN :X( I O)=NQ(24)+ I; 
SIGNAL:A(7); 
, 
CONTIO QUEUE,34; 
GROUP:X(IO),FIRST:NEXT(GO); 
, 
GO TRANSPORT:AGV(A(3»,SEQ; 

STATION,I-4; 

FREE:AGV(A(3»; 

SPLIT:M,NS,IS; 
ASSIGN:A(5)=M; 

ASSIGN:A( 4 )=M+2; 
ASSIGN:A(6)=EX(A(4),3); 
QUEUE,M; 
SEIZE:lVIACHINE(:NI); 
DELAY:A(6); 
RELEASE:MACHINE(M):NEXT(AGV); 
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, 
STATION,5; 
, 
FREE:AGV(A(3) ); 
, 
SPLIT:M,NS,IS; 

TALLY:l,1NT(I); 
ASSIGN :X( 17)=X( 17)+ 1 ; 
COUNT:A(2), 1 :DISPOSE; 

CREATE; 
THRUPUT DELAY:4800.0; 
ASSIGN:X( 18)=X( 18)+ 1; 
COUNT:X( 18),X(17); 
ASSIGN:X(19)=X(l9)+I; 
, 
BRANCH, 1: 
IF ,XC 19).LT .X(20),NEXT: 
ELSE,STATS; 

NEXT ASSIGN:X( 17)=O:NEXT(THRUPUT); 

END SIMULATION; 
STATS ASSIGN:X(l)=DAVG(10)IX(30); 
TALLY :2,X( 1); 
, 
ASSIGN:X( 1 )=DAVG( 11 )IX(31); 
TALLY:3,X(I); 
, 
ASSIGN:X(I)=DAVG(12)IX(32); 
TALLY :4,X( 1); 

ASSIGN:X( 1 )=DAVG( 13 )IX(33); 
TALLY:5,X(1); 
, 
AS SIGN: X( 1 )=DAVG( 14 )IX(34); 
TALLY:6,X(1); 
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SAMPLE EXPERIMENTAL FRAME FOR THE 
MACHINE FAILURE MODEL EXPERIMENTS 

BEGIN; 
PROJECT,D11MODEL2,R. WILD,7/18/88; 
DISCRETE,1000,7,34,5; 
, 
RESOURCES: 1-4,MACHINE,SCHED(1 ),SCHED(2),sCHED(3 ),SCHED( 4); 

SCHEDULES:1,4*EX(7,5),3*UN(8,9):2,5*EX(7,6),4*UN(8,9): 
3,5*EX(7,7),4*UN(8,9):4,4*EX(7,8),3*UN(8,9); 

TALUES:1,TllvIE IN SYSTEM: 
2,UTIL STATION 1: 
3,UTIL STATION 2: 
4,UTIL STATION 3: 
5,UTIL STATION 4: 
6,UTIL AGV; 
, 
RANKINGS: 1-4,LVF(6); 
, 
INITIALIZE,X(17)=0,X(18)=2,X( 19)=1 ,X(20)=11 ,XC 48)=48000, 
X(30)=4,X(31)=5,X(32)=5,X(33)=4.X(34)=2: 

PARAMETERS: 1,.60,1,1.0,2:2,3.5:3,5.0:4,5.5:5,7.5:6,9.5: 
7,2400.0:8,90.0,150.0; 
, 
DSTAT:1,NQ(l),NUM STA1 Q:2,NQ(2),NUM STA2 Q:3,NQ(3),NUM STA3 Q: 
4,NQ(4),NUM STA4 Q:5,NQ(5),AGV STA5 Q:6,NQ(6),AGV STA1 Q: 
7,NQ(7),NUM AGV STA2 Q:8,NQ(8),NUM AGV STA3 Q: 
9,NQ(9),NU1v1 AGV STA4 Q: 

. 1O,NR(1),TOT UTIL STAl:11,NR(2),TOT UTIL STA2: 
12,NR(3),TOT UTlL STA3: 13,NR(4),TOT UTIL STA4: 
14,NT(1 ),TOT AGV UTIL; 

TRANSPORTERS: 1 ,AGV,2,1 ,100.0,5-A; 
, 
DISTANCES:l,1-5,75,125,100,63/100,125,138/75,138/63; 
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COUNTERS: 1,PART TYPEI 1 PROC: 
2,PART TYPE 2 PROC: 
3,WEEK 1 THRUPUT: 
4,WEEK 2 THRUPUT: 
5,WEEK 3 THRUPUT: 
6,WEEK 4 THRUPUT: 
7,WEEK 5 THRUPUT: 
8,WEEK 6 THRUPUT: 
9,WEEK 7 THRUPUT: 
1O,WEEK 8 THRUPUT: 
1l,WEEK 9 THRUPUT: 
12,WEEK 10 THRUPUT: 
l3,END SIMULATION,I; 
SEQUENCES: 1,1/4/3/2/5:2,4/2/1/3/5; 
REPLICATE,5 ,0.0 .... 9600.00 1; 
END; 
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