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ABSTRACT 

The semiconductor industry, even though a vital aspect of several other industries, 

has not undergone much research effort in terms of industrial engineering and operations 

research techniques until the last decade. With competition in the semiconductor 

industry becoming more and more prevalent, operations research techniques are being 

seen as ways in which competitive advantages can be formed. 

With the recent decline in the Asian market, many U.S. based semiconductor 

firms are undergoing a drastic decline in sales. Factors such as slower orders, inventory 

corrections, overcapacity, and reduced revenue expectations are causing much lower 

earnings per unit output than expected. Because of the direct impact on the bottom line, 

management must immediately consider ways to offset this drop in earnings. The most 

common way to do this is to reduce the direct labor costs within the facility. Thus, the 

importance of developing a simulation model that can be used to study the effects of 

reduced labor on operator utilization, product throughput, product cycle time, and WIP 

inventory levels becomes clear. 

In order to explore the effect that labor reduction has on specific performance 

measures, a discrete event simulation was developed using production data from a local 

semiconductor firm. The model was then validated and data were collected in terms of 

total product throughput, average product cycle time, operator utilization, total WIP 

inventory levels, average queue length, and average queue wait time. These data were 

then analyzed by statistical hypothesis testing to determine if these performance measures 

differed significantiy from the current performance measures under the existing system as 

vii 



the labor staff was reduced. Also examined was the magnitude of labor reduction that 

could occur before these performance measures significantly changed with respect to the 

current system, and the interaction effect on specific levels of release rates, fab control 

mechanisms, queue disciplines, and lot sizes with respect to changes in staffing levels. 
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CHAPTER I 

INTRODUCTION 

1.1 Introduction 

The semiconductor industry, even though becoming a vital aspect of several other 

industries, has not undergone much research effort in terms of industrial engineering and 

operations research techniques until the last decade (Uzsoy, Lee and Martin-Vega, 1992). 

With competition in the semiconductor industry becoming more and more prevalent, 

operations research techniques are being seen as ways in which competitive advantages 

can be formed. 

One popular technique being used to evaluate systems in the semiconductor 

industry is the use of simulation. With simulation, production processes can be modeled, 

changes can be made, and results of these changes can be interpreted for a fraction of the 

cost of making these production changes in an actual facility. 

1.2 Problem Statement 

Due to the cost savings involved with the use of simulation analysis, simulation is 

being used more frequentiy in today's cost-conscious business environment. With the 

recent downfall of the Asian market, many U.S. based semiconductor firms are 

undergoing a drastic decline in sales. According to Moris (1996), "... the semiconductor 

industry has found itself in a softening market. Slower orders stemming from increased 

chip inventories ... have prompted semiconductor companies and stock analysts to reduce 

revenue expectations" (p. 15). This expectation of reduced revenue, according to Moris 



(1996), has "sparked cost containment efforts from reduced capital spending plans to 

hiring freezes" (p. 15). In addition, overcapacity and inventory correction are two areas 

that will "weigh on a lot of semiconductor companies in a way we have not yet 

fathomed" (Haber, 1996, p. 48). These factors (slower orders, inventory corrections, 

overcapacity, and reduced revenue expectations) are causing much lower earnings per 

unit output than expected. Because of the direct impact on the bottom line, management 

must immediately consider ways to offset this drop in earnings. The most common way 

to do this is to reduce the direct labor costs within the facility. This is one of the costs 

over which management has direct control in the semiconductor production process. 

Thus, the importance of developing a simulation model that can determine the effects of 

reduced labor on operator utilization, product throughput, product cycle time, and WIP 

inventory becomes clear. 

1.3 Research Ouestions and Objectives 

The two objectives of this dissertation are: 

1. To use simulation to determine the effect of the reduction of labor within a 

semiconductor facility on product throughput, product cycle time, and WIP 

inventory. 

2. To use simulation to study the interaction of the reduction of labor compared 

to different levels of product release rate, queuing discipline, and lot size. 

These objectives will be met by first developing a simulation model that 

accurately reflects the true system from data gathered from a local semiconductor firm. 



Once an appropriate simulation model had been developed, several runs of the simulation 

will be made with varying staff levels in each work center. Data will be collected from 

the simulation in terms of total product throughput, average product cycle time, operator 

utilization, and total WIP inventory. This data will then be analyzed by statistical 

hypothesis testing to determine if these performance measures differ significantly from 

the current performance measures under the existing system. 

Thus, the questions of interest in this study will be: 

1. What is the effect on product throughput, product cycle time, and WIP 

inventory as the number of workers within the wafer fab is reduced? 

2. How far can employee labor reduction occur before these performance 

measures significantly change with respect to the current system? 

3. What is the interaction effect on specific levels of release rate, queue 

discipline, and lot size with respect to changes in wafer fab staff levels on the 

performance measure responses of average WIP inventory, average product 

cycle time, and average yearly product throughput? 

The analysis of these questions will help semiconductor firms in determining 

appropriate staff levels in an attempt to reduce operating expenses. A reduction in 

operating expenses, as long as WIP levels and product throughput remain unchanged, 

will cause an increase in net profit. This increase is vital to U.S. semiconductor firms if 

they wish to stay competitive not only with each other, but with foreign semiconductor 

firms as well. 



1.4 Data Collection 

The data used for the development of this simulation model was gathered from 

plant management of a local semiconductor firm in conjunction with observations made 

during plant tours. Discussion took place with management and quality control to ensure 

the data used was accurate. This was done in an effort not only to model the system 

accurately, but also to aid in the verification and acceptance of the simulation model for 

those whom it was intended. 

When the data for the simulation model was gathered, many system components 

were examined. In order to collect correct information for the simulation, the following 

areas of the semiconductor manufacturing process were examined: 

1. Interarrival times: These were dictated by the deterministic release rate of 

each device as they were released to the wafer fab for manufacture. 

2. Processing times: Historical data kept by plant management. 

3. Queue discipline: Priority and FCFS were observed. 

4. Wafer behavior: Mostiy, in lots of size 24. 

5. Batch versus serial production: Batch policies. 

6. Machine specialization: Which machines could perform which tasks. 

7. Interrelationships: Relationships. 

8. Sequence of events: Process recipes are kept for each device. These are 

predetermined from R&D. 

9. Yield rates: Yield rate for each device is kept in data files. This information 

was extracted and used. 



10. Setup times: Setup information for each device on each machine was 

gathered. 

11. Release policies: Deterministic versus stochastic. 

12. Demand rates: Given by management. 

Some of the data used was based on historical data, such as the processing times, 

setup times, and yield rates. The integrity of this historical data is of no concern as the 

data was, and is, gathered automatically. In addition, the approaches in which data has 

been collected have not been recently changed. Thus, the plant management and I feel 

comfortable with the accuracy of the historical data used in this simulation. 

1.5 Organization of Remaining Dissertation 

The remainder of the dissertation begins with an extensive literature review 

presented in Chapter II. In order to simulate a system, an in depth knowledge of not only 

the system, but of the entire semiconductor production process in needed. Thus, the 

literature review focuses on those aspects of semiconductor scheduling and planning that 

are important enough to place in the simulation model. Further, current research on 

operator reduction and scheduling issues are explored as a foundation for the study 

conducted. 

Chapter IE discusses the semiconductor process itself. It begins with a discussion 

of the processing steps involved in the production of integrated circuits, then expands to a 

discussion of the resources that are required in semiconductor manufacturing (i.e., 

operators and machines). 



Chapter IV discusses the simulation. First, the choice of simulation software is 

examined, followed by a detailed discussion of the original simulation that is the basis of 

the simulation developed in this dissertation. Then, the changes that are made to this 

original simulation are discussed with respect to not only achieving the performance 

needed for this study, but also to make the entire simulation more robust. 

Chapter V discusses validity techniques that were used for validating the 

simulation model. Results are explained and the simulation output is compared to the 

output of the referent system. 

Chapter VI discusses the statistical tests that were used to determine the effects of 

reduced labor within the facility on the performance measures of interest. It further 

describes the interaction effects of the reduction of labor with the manufacturing aspects 

of lot size, cycle time, and queue discipline. These are examined for the three 

performance measure responses of average WIP inventory, average product cycle time 

and average yearly product throughput. 

Finally, Chapter VII summarizes the study, lists the expected contributions and 

limitations of the study, and discusses future areas of research that will develop from this 

study. 



CHAPTER n 

LFIERATURE REVIEW 

2.1 Simulation 

2.1.1 General Simulation 

According to Pegden, Shannon, and Sadowski (1995), simulation is "the process 

of designing a model of a real system and conducting experiments with this model for the 

purpose of understanding the behavior of the system and/or evaluating various strategies 

for the operation of the system" (p. 3). 

Thus, simulation can help predict the behavior of very complex manufacturing 

systems by looking at interactions between the systems components and scarce resources. 

Pegden et al. (1995) also list several advantages and disadvantages to simulation, 

which are summarized in Table 2-1. 

Table 2-1: Advantages/Disadvantages of Simulation. 

• 

• 

• 

• 

• 

• 

• 

• 

Advantages 

Operations can be explored without 

disrupting ongoing operations 

Testing can be done before committing or 

acquiring resources 

Test hypothesis for feasibility 

Expand or condense time 

Determine important factors and their 

interactions 

Bottlenecks can be identified 

Prove how the system actually operates 

Explore "What I f questions 

Disadvantages 

• Can be time consuming and expensive 

• Results are sometimes difficult to interpret 

• Requires specialized training 
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Of all these advantages listed in Table 2-1, the most important is that simulation 

looks at the dynamic behavior of a system. Since all systems are dynamic in the "real 

world," this ability to model dynamically is a profoundly important concept in order to 

achieve model validation. 

However, in order for a model to gain validity, it must have accurate input data. 

Much of the time put into a simulation should be on the planning and understanding of 

the system, not on the programming of the simulation code (Law, McComas, and 

Vincent, 1994). Law et al. (1994) further explain that careful attention must be paid to 

the following elements of a simulation study: (1) formulating the problem, (2) collecting 

systems information and data, (3) representing each source of system randomness by an 

appropriate probability distribution, (4) developing a valid and credible model, (5) 

selecting simulation software, (6) designing and analyzing simulation experiments, and 

(7) overall sound project management. 

To help create an even better simulation. Law et al. (1994) describe several issues 

in dealing with randomness in a model, such as: (I) determining sources of randomness 

(interarrival times of parts, processing/assembly times, times to failure, repair times, and 

setup times) and (2) selecting the appropriate distribution (both when data is available 

and when it is not available). The authors warn that replacing a stochastic parameter with 

its deterministic mean or choosing the wrong probability distribution are fatal mistakes 

that completely invalidate simulation models. They further suggest a maximum 

likelihood approach in determining the best-fitted distribution for the data. The following 
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list contains many common mistakes that need to be avoided when constructing a 

simulation model (Law and McComas, 1989): 

1. Failure to account for warm-up. 

2. Misuse of animation. 

3. Inappropriate level of model detail. 

4. Replacing a distribution by its mean. 

5. Failure to interact with management regularly. 

6. Using the wrong probability distribution. 

7- Insufficient simulation and statistics training. 

8. Incorrect modeling of machine downtimes. 

9. Inappropriate simulation software. 

10. Misinterpretation of simulation results. 

11. Failure to have a well defined set of objectives. 

Finally, the issue of simulation flexibility should be addressed so models can be 

easily changed and updated to account for changes in the "real" system. Mazziotti (1996) 

raises the concern that "many companies treat simulation models as disposable 

commodities that become 'shelf ware' after one use" (p. 14). She suggests that 

simulation models should be created so that they are flexible, reconfigurable, and 

reusable. This is especially true in today's business environment where a lack of time 

and resources is prevalent. 



•C++ 

In this respect, Mazziotti gives two underlying principles for making a flexible 

simulation model: (1) define variables instead of hard-coding values into a model and (2) 

collect the variables/parameters into a single location that is separate from the logic of the 

model. The use of variables will allow the end-user to change specific values in the 

model without disrupting the integrity of the code itself, provided a mechanism for 

entering new values (such as a spreadsheet that can be read into the model, a Ĉ  

interface, or a Visual Basic interface) is provided with the finished simulation. However, 

Mazziotti (1996) warns that not all simulations can be modeled with flexibility, 

especially "manufacturing plants with many products that have varied routings through 

the equipment resources" (p. 16). 

An example of creating flexibility in semiconductor simulations is seen in a study 

conducted by Schelasin and Mauer (1995). They discuss an approach that attempts to 

meet two goals. The first goal is to reduce the amount of effort involved in creating and 

recreating the simulation model. The second goal is to utilize the same simulation model 

for multiple applications and scenarios. 

Schelasin and Mauer (1995) used this method to simulate a process where a 

lithography cluster tool is used. This is a tool used to transfer line patterns onto the wafer 

itself. The input menu designed for this process enables the end-user to specify the 

following: (1) the use of parallel processing, (2) the number of wafers present at one 

time in the exposure tool, (3) the robot speed, and (4) the priority rule used when serving 

the wafers. With the use of this model, the authors estimate that 100 hours of labor was 

saved, that equipment utilization increased by over 20%, and that over one million dollars 
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in unnecessary capital investment was avoided. Table 2-2 lists the challenges and 

benefits of flexible manufacturing (Schelasin and Mauer, 1995). 

Table 2-2: Challenges/Benefits of Flexible Simulation. 
Challenges 

• Understanding the system * 

• Complexity vs. flexibility < 

• Multi-scenario validation < 

• Input menu * 

• Providing user support < 

• Future upgrades * 

Benefits 

• One-time development 

• Multi-scenario use 

• Multiple users 

» Adaptable, user-friendly 

* Customer satisfaction 

» Up-to-date applicability 

2.1.2 Job Shop 

Job shop evaluation is becoming an area of increased research and, as one would 

expect, simulating general job shops is becoming a popular method of study. Kuroda and 

Kawada (1995) propose a procedure which they call "inverse queuing network analysis" 

(IQNA). This procedure is able to "optimize approximately the multiple objective 

functions of a WIP controlling problem without consuming much time..." (p. 217). The 

three objectives to be minimized are: (1) the discrepancy between realized throughput 

and the required throughput, (2) the production lead time, and (3) the variance of the 

current WIP level and the previous WIP level. Using the IQNA technique to simulate a 

manufacturing environment where the product mix varies periodically, they demonstrate 

that WIP inventory can be controlled with regards to the three objectives. 

11 



The relevance of this study (Kuroda and Kawada, 1995) to the semiconductor 

industry is that many of the assumptions made in the model are similar to those found in 

a semiconductor facility. These similar assumptions are: 

1. Multiple models of products are produced repeatedly and simultaneously in 

the shop. 

2. The routes and processing times are different among the kinds of products. 

3. There are several work centers in a shop and the WIP visits a work center 

repeatedly. 

4. The number of operations to complete a product is large. 

5. The production lot size for each product is extremely small. 

6. The product mix changes periodically but the product mix of period t is 

known at the beginning of period (t-1). 

This study concluded that WIP inventory could be controlled when the ratio of 

cycle time to average production lead-time is relatively large (around 3.5). Thus, the 

IQNA procedure is "...very promising for optimizing the large job shop type production 

systems, such as the semiconductor manufacturing lines" (Kuroda and Kawada, 1995, p. 

225). 

2.1.3 Semiconductor Industry 

Several methods for simulating a semiconductor process have been developed and 

utilized in the literature. Boning, Mcllrath, Penfield, and Sachs (1992) have described a 

method for simulating semiconductor processes in which particular states of nature are 
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utilized in an attempt to split the overall process model into smaller models. They 

explain that several process states exist (wafer, environment, machine, facility, settings, 

readings, and recipes) that can each be modeled as distinct, separate processes. The 

interaction between these states is of paramount importance and is what will guide the 

blending of each of these process states in order to develop the overall process model. 

A second method, discussed by Rietman and Lory (1993), utilizes nonlinear 

neural network models to model complex manufacturing systems. They write: 

"Nonlinear neural network models are being increasingly utilized in complex system 

models. This nonlinear modeling technique is an excellent tool to allow us to circumvent 

some of the problems of conventional modeling and the difficulties of reintegrating these 

systems" (p. 343). 

One "problem of conventional modeling" that neural networks address is the fact 

that statistical models are not capable of effectively dealing with more than just a few 

variables. In addition, statistical models generally assume some type of linear 

relationship; this is usually not the case in complex systems such as semiconductor 

systems. 

Rietman and Lory (1993) further point out one major disadvantage of modeling 

with neural networks. That is, neural network models cannot provide any insight into the 

physics of the phenomenon. However, this disadvantage does not seem to outweigh the 

advantages of neural network modeling. The authors refer to two studies (Himmel, Kim, 

and May, 1992; Mocella, Bondur, and Turner, 1991) in which neural network models 

outperformed statistical response surface models in terms of better predictions of target 
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values. Also, the authors' own study reflects that the neural network model outperforms 

the statistical model by explaining 23% more correlation. However, this result is based 

only on the plasma etching process and is a duly noted constraint to the above analysis by 

all three groups of authors. Finally, these neural network models are based on one 

process only. In order to "simulate" an entire system, several neural network process 

models would need to be integrated, similar to the techniques of Boning et al. (1992) as 

discussed earlier. 

A third method utilizes queuing networks to model semiconductor systems. 

Lawrence M. Wein (1988) mentions that a wafer fab can be "viewed as a job shop 

containing a number of single-server and/or multi-server stations" (p. 116). This is 

beneficial, according to Wein, because many of the wafer lots can return to the same 

station due to the repetitive nature of the processing. Modeling the semiconductor 

process as a series of queuing networks captures the essentials of the system. 

Agreeing that queuing networks are an appropriate method to analyze 

semiconductor facilities, Kuroda and Kawada (1995) mention, "Queuing network models 

developed to analyze computer systems have now been considered as efficient analytical 

techniques for large and complicated production systems such as semiconductor 

manufacturing lines" (p. 217). 

Chen, Harrison, Mandelbaum, Ackere, and Wein (1988) constructed, analyzed 

and empirically validated a semiconductor system using this notion that semiconductor 

processes are basically queuing networks. Each machine is represented as a separate 

single-server station as opposed to representing a group of apparently identical machines 
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as a multi-server station. The performance characteristics of interest in this particular 

study were manufacturing cycle time and throughput rate. Motivations, as stated by 

Chen et al. (1988), for simulating a queuing network system as opposed to using Monte 

Cario simulation consist of the following: 

1. Queuing network models are far easier to use. 

2. Queuing networks generate more qualitative insight with respect to essential 

system relationships. 

3. Queuing networks are accurate enough to provide quantitative guidance to 

system designers. 

This particular study was performed in order to predict average cycle time and 

average throughput rates. The predicted throughput rate for the queuing network model 

was .104 lots per hour, where the observed throughput rate was .107 lots per hour. The 

predicted cycle times were within 14% of the observed cycle times. Thus, these numbers 

indicate that a queuing network model accurately predicts the true performance of a 

semiconductor system in terms of cycle time and throughput. 

In yet another study, conducted by Bitran and Tirupati (1988), the use of queuing 

networks in a multiproduct, deterministic manufacturing setting with general arrival and 

service distributions is discussed. Using the decomposition technique to approximate 

performance measures, a queuing model is developed for a manufacturer of 

semiconductor devices. The decomposition technique is summarized in the three 

following steps: 

1. The analysis of interaction between stations. 
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2. The decomposition of the network into subsystems of individual stations and 

their analysis. 

3. The re-composition of the results to obtain an approximate network 

performance. 

Even though the technique of decomposition is slightly outdated, it helped 

develop today's popular approach of using discrete event simulation to analyze large 

queuing networks. As stated by Bitran and Tirupati (1988), ".. .discrete event simulation 

has been an obvious alternative to evaluating large queuing networks...the main 

drawback is the computational requirement" (p. 81). With the speed and memory 

capacities of computers today, discrete event simulation is a more widely used and 

accepted technique. 

Burman, Gorrola-Gal, Nozari, Sathaye, and Sitarik (1986) analyze three general 

techniques that can be used to evaluate performance of semiconductor facilities. These 

include simulation, queuing, and deterministic capacity models. They discuss that an 

advantage of simulation is its ability to address a wide variety of complex questions, 

while deterministic models only allow answers to a limited range of questions. Queuing 

models lie between these two in the number of questions that this model type can address. 

Table 2-3 addresses the advantages and disadvantages of the three general modeling 

techniques. 
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Table 2-3: Advantages/Disadvantages of Modeling Techniques 

Advantages 

Disadvantages 

• 

• 

• 

• 

Simulation 

The most flexible 

Answer the most 

questions 

Time consuming 

Analysis requires 

sophisticate 

techniques 

• 

• 

• 

• 

Queuing 

Require minimal 

computer time 

Provide stochastic 

information 

Limited capabilities 

Analytical and 

subjective must be 

accomplished 

• 

• 

• 

• 

Deterministic 

Easier to develop 

Quick to run 

The least flexible 

Cannot calculate 

statistics 

Obviously, the author's tend to favor the simulation method as it provides the 

most flexibility and allows for the examination of many questions. However, the 

author's urge that careful attention must to paid to the scope, maintainability, 

verifiability, and flexibility of the simulation model developed. 

With all this research and time put into simulating semiconductor systems, a 

logical question arises. That is, what benefits do these simulation studies actually 

achieve for the semiconductor industry? Potti and Mason (1997) point out several areas 

in which simulation can, and has, aided the semiconductor industry. These areas include: 

(1) prediction of bottlenecks, (2) equipment purchase decisions, (3) primary equipment 

determination, (4) WIP management, (5) relationship between the wafer-starts in a fab 

and the cycle time for a given product mix, (6) tracking real costs (activity based 

costing), and (7) batching to reduce set-up costs and increase throughput. Due to the 

complexities of a semiconductor system and the enormous costs involved with 

purchasing equipment (over $1 billion to build a new semiconductor manufacturing 

plant), simulation can address the above areas for a relatively small cost. According to 
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Thompson (1996), cycle time, throughput, and equipment utilization can be significantly 

improved by utilizing simulation methods without increasing personnel levels or adding 

additional equipment. 

2.1.4 Simulation Software 

Another important area in simulation modeling is the choice of appropriate 

simulation software that is to be usedio model the system of interest. Much research has 

been done in this area and many different software tools are available. According to Law 

and McComas (1992), there are two distinct types of simulation software: simulation 

languages and manufacturing simulators. Simulation languages are more general in 

nature with some specific manufacturing modules that have been pre-written whereas 

manufacturing simulators are much more specific with respect to a class of 

manufacturing systems. 

Many debates have been centered on the increased popularity of manufacturing 

simulators. Banks and Gibson (1997) argue that manufacturing simulators are not 

flexible enough and that only specific types of manufacturing systems can be modeled 

using them. They further worry that untrained professionals will erroneously use these 

pre-determined routines without regard to how well they actually mimic the system. On 

the other hand. Diamond (1997) argues that pre-built constructs are better in that they 

have been pre-validated by test after test; before they are released to market. Also, the 

ease of use of these simulators far outweighs any 'minor' discrepancies with the pre-built 

code. 
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However, in my opinion, the best way to determine which simulation software to 

use is to analyze the following six categories developed by Law and McComas (1992). 

They include: (1) model flexibility, (2) ease of model development, (3) fast model 

execution (speed), (4) animation, (5) statistical capabilities, and (6) easily 

readable/accessible/transferable output reports. In addition to considering these six 

categories, the following four steps should be taken when choosing simulation software: 

1. Determine the simulation requirements of your organization, i.e., issues to be 

addressed, level of model detail, and background of intended users. 

2. Develop a short list of candidate simulation packages based on requirements 

in step 1. 

3. Talk to the users of each product to get independent assessments of software 

strengths and weaknesses. 

4. Get a 30-day trial of each product. 

2.2 Job Shop Scheduling 

2.2.1 General Job Shop 

General job shop scheduling has recentiy been an area of intense research. 

Generally, job shop scheduling attempts to find a processing order of jobs on each 

machine so that the performance characteristic of interest is optimized. 

Ramasesh (1990) surveyed simulation-based research that focused exclusively on 

the job shop scheduling problem in a dynamic, multiple-machine environment in which 
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the processing times were stochastic. He lists eight assumptions generally made in job 

shop scheduling research: 

1. No rework of jobs on any machine. 

2. Each job visits a machine only once. 

3. No preemption of j obs. 

4. No alternative routing. 

5. No breakdowns of machines. 

6. Sequence independent set up times. 

7. Zero transit time between machines. 

8. No assembly operations. 

Since the general job shop environment is similar to the semiconductor 

environment, by relaxing a few of the above assumptions (namely, 2, 5 and 7) many of 

the issues reviewed here can be directly applied to semiconductor facilities. 

Ramasesh (1990) also discusses the major processes that need to be considered in 

any scheduling problem. They consist of: (1) the arrival process, (2) the order release, 

(3) the operation times, (4) the number of machines visited and the routing, (5) the due-

date setting, (6) the shift-load level (utilization), and (7) the priority rules. 

Finally, Ramasesh (1990) reviews the conclusions found in the literature with 

regard to the queue disciplines used in job shops. For minimizing mean flow time, the 

SPT (shortest processing time) rule seems to be the best rule to use. For both externally 

and internally set due dates, the SPT rule again seems to outperform any due date based 

rules for minimizing tardy jobs. However, this is only true of internally set due dates 
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when utilization is high (around 90%). For lower utilization levels, slack-based rules 

outperform the SPT rule. 

A primary driver in past and recent literature on examining scheduling 

effectiveness has been the input control (or release mechanism). "Releasing jobs to the 

shop floor as they arrive results in an erratic input to the shop and an unrealistic shop 

load. This, in turn, increases backlogs and lead times" (Wight, 1970, p. 30). By 

controlling the release of jobs to the shop floor, WIP inventory levels and the confusion 

that accompanies lengthy queues are reduced (Bobrowski and Park, 1989). Further, 

release control provides a buffer between customer orders and the shop floor, 

streamlining the flow of work on the shop floor and making scheduling easier (Bechte, 

1988). Finally, changes can be more easily made in the master production schedule if an 

order is not released immediately upon arrival (Baker, 1984). 

Bobrowski and Park (1989) examine the effects of several work release 

mechanisms on the performance of a dual constrained job shop. Four release 

mechanisms are coupled with two priority sequencing rules to produce an analysis of 

eight separate scheduling control systems where the objective is to minimize costs. The 

four release mechanisms evaluated were immediate release (MR), backward infinite 

loading (BIL), maximum shop load (MSL), and forward finite loading (FFL). The two 

due date related priority sequence rules evaluated were modified operation due date 

(MOD) and critical ratio (CR). In a study performed by Ragatz and Mabert (1988), CR 

outperformed the more popular scheduling priorities of FCFS, SPT and EDD. Bobrowski 

and Park (1989) concluded that BIL and FFL were far superior input control mechanisms 

21 



with regards to minimizing costs than were IMR and SML. Also, BIL and FFL 

performed better with respect to tardiness than did IMR and BML. With respect to the 

priority sequencing rules, CR outperformed MOD. In conclusion, "the choice of a 

particular due-date priority sequencing rule is less critical than the shops ability to 

provide the proper set of jobs to the floor..." (Bobrowski and Park, 1989, p. 188). 

Salenga (1990) also studied dual constrained job shops by examining the 

interaction between dispatch rules, labor, due-date assignment, and input control 

decisions. GPSS was used in this study to simulate a hypothetical dual constrained job 

shop in which the above interactions were examined. ANOVA analysis was then 

performed to discover any significant interactions based on the above performance 

measures. It was concluded that labor had a significant interaction with dispatching and 

due-date rules. Further, there was a significant interaction between the input control 

strategies and the due-date assignment methods. In particular, the study contradicted 

eariier studies by finding that, when labor was considered, the CENTRAL labor policy (a 

policy which allows an operator to be transferred upon the completion of the current job) 

amplified the effect of MDD over MOD. Thus, it was concluded that labor assignment 

does play a significant role in the effectiveness of dispatching rules and, hence, due-date 

performance. 

However, the study by Salenga (1990) focused on the interactions of these effects 

and, thus, did not focus the actual assignment of labor to determine which levels of 

staffing were appropriate for the hypothetical job shop examined. 
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2.2.2 Semiconductor Planning and Scheduling 

Scheduling in a semiconductor plant, a very complex job shop with reentrant 

flows, is very difflcult to research. The semiconductor process is very complex and is 

made even more complex due to reentrant flows of wafers to the same work centers. 

Thompson (1996) discusses four planning and scheduling challenges that make 

semiconductor facilities unique job shop environments. These include: (I) a large 

number of process steps, (2) high reentrant process flow, (3) an intermixture of lot-based 

and single wafer process operations (diverse equipment characteristics), and (4) batching 

of multiple lots that share process recipes and processing times. 

Thompson further states that by considering these challenges in using simulation-

based finite capacity planning and scheduling software (FCS), "Significant improvements 

to cycle time, throughput, and equipment utilization can be made without adding 

additional equipment and personnel" (1996, p. 34). Uzsoy, Lee and Martin-Vega (1992) 

discuss the use of complex factory automation (FA) systems that some facilities already 

have in place. These FA's attempt to automate the process from the individual process 

steps to the automation of an integrated facility. However, the authors mention that much 

more work in this area is needed in order to develop a completely automated facility. 

2.2.2.1 Dispatching Rules/Release Methods 

A simulation study, by Lawrence M. Wein (1988), discussed the impact that 

scheduling has on the performance of semiconductor wafer fabrication facilities. The 

performance measure of interest in this study was cycle time or mean throughput time for 
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a lot of wafers. Simulation was used where 172 total operations were performed at 24 

different work centers. Also of interest was the fact that four different input mechanisms 

were used: (1) Poisson, (2) deterministic, (3) closed loop - number of lots in the system 

are held constant, and (4) workload regulating ~ a lot of wafers is released only when the 

total amount of work remaining in the system for any bottleneck station falls below a 

prescribed level (Brownian network). The results of this simulation concluded that 

scheduling has a significant impact on the cycle time of lots of wafers in semiconductor 

manufacturing. However, changing the release method (input control) has a much more 

significant impact on performance than does the modest effect of changing the queue 

discipline. A similar result was found in Bobrowski and Park's 1989 study discussed 

earlier. For Poisson input control, the SRPT (shortest remaining processing time) and 

SRPT-h rules worked best. However, for the other input controls, the different queue 

disciplines seemed to demonstrate no significant differences. The biggest difference in 

cycle time, however, came with using the workload regulating input control. This input 

control performed better than deterministic input, which in turn performed better than 

closed loop input. The Poisson were difficult to analyze because of large confidence 

intervals. 

This research covers two primary policy decisions that must be made in a wafer 

fabrication facility. These two policies are (Thompson, 1996): 

1. When to release a lot into production (launch or release decision), 

2. What each piece of equipment should work on next (dispatching decision). 
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Thompson (1996) concurs with the findings of Wein by stating that "the 'when to 

launch' decision has the greatest impact on the measure of schedule performance" (p. 32) 

and significant improvements are made by deploying methods that take into account the 

theory of constraints (similar to the Brownian method). Independent research by Glassey 

and Resende (1988a, 1988b) also support Wein's conclusions. Three limitations to 

Wein's research are: (I) actual production data was not used, (2) an existing system was 

not simulated, and (3) all lots were assumed to have the same process flow. 

Dayhoff and Atherton (1986) also evaluated a number of dispatch schemes for 

wafer fabrication and formally compared the schemes not only to each other, but also to 

actual dispatch schemes used in semiconductor facilities. Three levels of dispatching 

were examined in which signature analysis was performed. The first level was the 

assignment of priorities among lots of one product waiting in a queue for one process 

step. The second and third levels assigned priorities among process steps and among 

products. Three dispatch schemes for the second level were evaluated: (I) earlier-steps-

first (priority given to lots farther from process completion), (2) later-steps-first (priority 

given to lots closest to process completion), and (3) round-robin (priority given to 

successive process steps in turn). The first level used the FIFO scheme while the third 

level used a highest priority scheme where a sorted list, by highest priority first, of 

products was provided. 

Dayhoff and Atherton (1986) found that the eariier-steps-first scheme was 

unrealistic because of release rates that were too fast. No lots ever completed processing 

because earlier jobs were given preference. In this instance they used a seven-mask 
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example, thus, the seventh mask processing step never occurred. The later-steps-first 

approach performed the best, giving higher throughput rates with reasonable levels of 

inventory and relatively fast cycle times. The round-robin scheme performed similar to 

the later-steps-first scheme, but fell just short of the later-steps-first performance. The 

authors finally warn that, due to human factor interactions, the effectiveness of the 

dispatch schemes explored may well be altered in an actual facility setting. 

Uzsoy, Lee and Martin-Vega (1994) further discuss dispatching rules and input 

regulation methods by giving a review of research related to this topic. Their review 

generally agrees with the findings of others outiined above; input mechanisms are used to 

control flow to the shop to reduce WIP inventory, thus, reducing cycle time and 

increasing throughput. 

2.2.2.2 Throughput, Cycle Time, and Inventories 

The three performance measures of throughput, cycle time, and WIP inventory 

are generally of the utmost importance in evaluating the effectiveness of scheduling plans 

for any production facility. The semiconductor industry is no different. The increase of 

throughput and reductions in both cycle time and WIP inventory are all matters that need 

to be constantiy evaluated and constantly improved. 

Chen et al. (1988) notes the importance of cycle time reduction. They state that 

the total cycle time for a specific circuit (VLSI) is about 4 months, considering all stages 

of production. For customized circuits, the total lead-time imposed on customers must be 

at least as large as the total cycle time. Thus, if a facility can decrease cycle time, then a 
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major competitive advantage exists. Further, carrying inventory of standardized products 

is dangerous. Forecasts of market demand may be highly inaccurate due to the long 

manufacturing intervals. Also, product life cycles are short in the semiconductor 

industry, thus, the risk of obsolescence becomes a factor. Finally, there exists a negative 

correlation between cycle time and yield in wafer fabrication (Chen et al, 1988). Thus, a 

shorter cycle time will result in increased yields due to a smaller chance of particle 

contamination (Atherton and Dayhoff, 1986). 

Further support for the reduction of cycle time has been developed by Stalk 

(1988). Stalk points out that reducing the time to develop a product will extend the 

effective product selling period. This, in turn, allows for increased market share, 

increased profitability, and the right to set standards for the product industry wide. 

Griffin (1993) contributes the fact that reduced cycle times help alleviate some of the 

detrimental effects to profit that arise from the commonly quicker obsolescence of 

technological goods. However, Meyer and Utterback (1995) warn that the reduction of 

cycle time alone may not be enough to warrant the attempt. They suggest that underiying 

organizational and technical foundations must be altered prior to implementing cycle 

time reduction efforts. In fact, they go as far to claim that reducing cycle time without 

changing these foundations may well even drive a firm out of business and that patient 

development of initial product designs may be just as effective. 

Kivenko (1995) studied cycle time reduction in the high technology sector (a 

sector similar to the semiconductor process). He claims that due to the speed of 
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technological change, cycle time reduction is a key success factor. Lead times and WIP 

inventory are reduced with a beneficial result of improved quality. 

Thus, a method of getting the smallest cycle time possible for the production of a 

product is a method with which research should strive to meet. In terms of minimizing 

makespan (cycle time), Wang, Sethi, and Van De Velde (1997) develop an approximate 

algorithm for minimizing makespan (cycle time) in a class of reentrant shops. The 

particular class of reentrant shops studied had the following constraints: (1) each job is 

first processed on the primary machine, then (2) each job is processed on one or more 

secondary machines, and (3) each job is processed one more time on the primary 

machine. The algorithm developed uses Johnson's rule on partitioned groups of jobs to 

approximate an optimal solution. The algorithm has a worst-case performance guarantee 

of 3/2 and performed well empirically. 

In a study by Atherton and Dayhoff (1986), signature analysis was used to 

determine the best model with respect to changing start rates. Performance measures 

examined to determine the best model were cycle times, throughput rates, and WIP 

inventory. A discrete event simulation (DES) was performed in order to examine the 

performance characteristics of interest with respect to start rates. 

Results from the above study found inventory increased lineariy with an increase 

in start rates. Also, cycle time increased as start rates increased, but increased more 

rapidly (in a non-linear fashion) as queues began to develop in the facility. Throughput 

increased lineariy as start rates were increased, but increased less rapidly as queues began 
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to grow. However, there was a certain point of increased start rates where throughput did 

not increase or decrease significantly. 

Further, in terms of machine utilization, an increase in start rates increased 

machine utilization. Overall, if start rates are continually increased, inventory grows to 

enormous proportions, cycle time grows, and throughput does not change. 

Finally, Atherton and Dayhoff (1986) examined equipment failure. It was 

determined that inventories and cycle times were slightly higher when failures were built 

into a model. 

2.2.2.3 Batching (Load Policies) 

Another important aspect in any scheduling system is the ability to batch similar 

lots together. This is especially crucial in the semiconductor industry where production 

runs and setup times can be very large. Gumani, Anupindi, and Akella (1992) consider a 

two-stage serial-batch system with photolithography (serial stage) feeding into the 

furnace process (batch stage). A comparison between delay and capacity is used to 

determine the queue length (Q) at which batching will occur. If the number of jobs in 

queue is at least Q, then load the machine regardless if batching has occurred. If the 

number of jobs in the queue is less than Q, then wait until the number of jobs in queue is 

Q before loading. This policy is called the control limit policy and it has been shown that 

this policy is optimal for bulk processing systems (Deb and Serfozo, 1973). The optimal 

Q is determined by a minimal cost function that trades-off delay and capacity utilization 

of the batch process (furnace process). 
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In a study by Karmarkar, Kekre and Kekre (1992), a single facility multi-item 

model was developed that relates batching to queuing delays. As they mention, batching 

attempts to strike a balance between setup costs and inventory holding costs. The goal of 

their study was to provide a quantitative analysis of batching decisions and the 

relationship of these decisions to setup times. To achieve this goal, they point out that 

reducing setup and inventory costs are not done so with the use of the EOQ formulas, as 

these ignore queuing delays and lead-time. The results of their study are approximate 

batch sizing rules which are given in closed form for an MIGIl queuing system where the 

objective is to minimize time in queue. 

2.2.2.4 Yield 

Yield is also an area of great concern in the semiconductor industry, and thus, 

must be taken into account when attempting to accurately simulate a semiconductor 

production process. According to Lozinski and Glassey (1988), one way in which yield 

can be improved is to reduce the delay between processing a wafer and measuring the 

effect on the wafer. The sooner a wafer is found to be defective, the better the chance of 

salvaging that wafer for salability. This implies that reducing the cycle time should aid in 

increasing the total yield (Wein, 1992). 

2.3 Setup Reduction and Control 

Also important in the semiconductor industry is the reduction of setup times. 

With certain setups requiring hours to complete, the reduction of set-up times may not 
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only decrease cycle time, but also increase throughput. Esrock (1985), supports viewing 

setup time as a variable that can be changed and improved in any manufacturing 

environment. According to Esrock, the following list reflects the benefits that can be 

derived by reducing setup times: 

1. Reduced cost per setup, 

2. Reduced annual setup costs, 

3. Reduced space requirements, 

4. Smaller lot sizes, 

5. Lower WIP inventory, 

6. Lower safety stock levels, 

7. Shorter queues, 

8. Shorter run times, 

9. Lower finished inventory, 

10. Greater plant flexibility, 

11. Improved forecast accuracy, 

12. Greater productive capacity, 

13. Increased productivity, 

14. Increased profitability, 

15. Higher throughput, 

16. Shorter lead times, 

17. Lower factory overhead. 
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This list reflects several important benefits that are of tremendous concern to the 

semiconductor industry, specifically: (1) smaller lot sizes, (2) lower WIP inventory, (3) 

shorter run times, (4) higher throughput, (5) shorter queues, (6) shorter lead times, and (7) 

increased profitability. One common way to achieve setup reduction in semiconductor 

firms is to batch like products, as discussed in section 2.2.2.3. 

2.4 Theorv of Constraints (Bottleneck Location) 

One of the many complex factors that inhibit the appropriate use of certain 

scheduling techniques in the semiconductor industry is the bottieneck location factor. 

Pense, Megeath, and Morrell (1990) discuss coping with temporary bottlenecks in a 

several-stage process with multiple products. The importance of coping with bottlenecks 

lies in the reduction of costs and in determining the amount of resources that should be 

put into elimination of the bottleneck. In developing a four-step schedule where the 

bottleneck can be located at any stage, a cost savings of over $ 1 million dollars was 

realized for the firm for which the study was implemented. However, this scheduling 

technique is only useful if the bottleneck can be found and if it is stationary for a 

particular mix of products. 

In an algorithm developed by Baker and Pyke (1990) for solving the lot-streaming 

problem with two sublots, it was determined that lot sizes may influence the location of 

bottienecks. Thus, the bottleneck may be different for given product mixes with specific 

lot sizes. 
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With respect to semiconductor facilities, Lozinski and Glassey (1988) presents a 

bottleneck avoidance starvation policy for production and inventory control that has been, 

and may still be, in use by semiconductor facilities. An industrial application is 

demonstrated where the release of products is determined with the goal of ensuring the 

bottleneck work center is never starved. In a steady state environment, the bottleneck 

will be easy to identify. However, in an environment where the load and capacities are 

constantly changing, the bottleneck is not so easy to determine. Lozinski and Glassey 

(1988) developed the following bottieneck prediction equation, 

N * V * H - S - I = X X / | ^ (2.1) 

where, 

N = The number of machines in the work center, 

V = The average percentage of the time that the machines are up, 

H = The number of hours per week that the machines are manned, 

S = The average number of hours of setup time per week, 

I = The number of idle hours per week, 

Xj = The steady state number of starts per week of process j , 

Yjj = The average line yield of process j between starts and the i"̂  visit to the work 

center, 

Rij = The number of wafers per hour that the work center can process at the i"̂  

visit to the work center in process j . 

Thus, the bottleneck machine will be the machine with the smallest idle time. 
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In addition to bottieneck prediction, Lozinski and Glassey (1988) present two 

types of bottieneck indicators. The two indicators are: (I) the starvation indicator, which 

ensures there is enough material for a specified number of hours in the bottleneck buffer, 

and (2) the work-flow indicator, which describes how much work needs to be in the flows 

to avoid bottleneck starvation. The author's finalize their study by reporting 

semiconductor firms that have successfully implemented their bottleneck starvation 

methods. The major benefit of this study is that an analytical model (Eq. 2.1) has been 

developed that can predict the bottleneck location, given certain parameters. However, if 

the product mix changes, the bottieneck will need to be re-predicted for each product mix 

change. 

2.5 Operator Reduction and Scheduling 

There is not much research on the effect of worker utilization in the literature. No 

such studies were found in the semiconductor industry, but some job shop related work 

has been done on operator scheduling. 

Berman, Larson and Pinker (1997) developed a workforce object oriented linear 

programming (OOLP) model where the objective was to schedule the workers in a 

manner that minimized labor costs subject to a variety of service-level, contractual, and 

physical constraints. This model used high volume factories which were defined by the 

authors as containing n work centers, where at each work center workers were assigned 

to process WIP that flowed through the work center. In addition, the model allowed 
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rework loops for the immediate work center. Semiconductor facilities tend to elicit a 

similar type of environment. 

The goal in this study was to decide the number of workers that should be 

assigned to each work center while minimizing costs. In meeting this goal, workers were 

assumed to be cross-trained and each worker had an individual productivity rate at each 

work center they were trained. Workflow were not treated as deterministic, but were 

treated as Markovian networks (this is similar to how a simulation treats arrivals to each 

individual work center). The constraints in the OOLP consisted of standard capacity, 

balance of material, WIP maximum levels, and worker status (full time or part time). 

The final product of this research is an OOLP that determines a staffing level for 

each station that is necessary to meet the production constraints outiined. However, due 

to the complexities involved in semiconductor manufacturing, OOLP's do not seem 

feasible. But, the results and many of the constraints seen in this study can be carried 

over to a semiconductor simulation model. 

Another study, conducted by Bourland and Carl (1994), examined minimizing the 

average setup and holding costs for production facilities subject to a constraint on the 

number of operators available. This study was restricted to the fractional operator 

problem involving the production of many parts on several parallel machines. Operators 

could monitor more than one adjacent machine, thus cross training can be thought of as 

existing. In certain instances, only specific machines could produce specific products 

depending if a part was qualified to be produced on a given machine. Further, production 
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occurred in batches and setups had to occur prior to each batch being produced. These 

characteristics are similar to some seen in the semiconductor industry. 

Bouriand and Cari (1994) took a two-level approach in the above study. The 

purpose of the first level was to develop an infinite-horizon planning schedule that 

minimized the average setup and holding costs per unit time under operator availability 

constraints (deterministic demand rates). The purpose of the second level was to develop 

a control model to ensure initial demands were met (demand varied through time). A 

formulation based on the economic lot size problem was developed for the planning level 

and a dynamic programming model was developed for the control level. The result of 

this study was a flexible two-tier model that developed an operator schedule and 

workflow policy while adhering to operator availability constraints. 

Vembu and Srinivasan (1997) developed algorithms for operator allocation and 

job sequencing in order to minimize makespan. This study focused on implementing JIT 

in Cellular Manufacturing, a process using the formulation of product-line-cells. 

Product-line-cells occur where material moves in batches between cells and in single 

pieces within the cell. It is assumed that k cells exist with M jobs to be processed through 

these k cells. Each cell had two or more machines and sequence dependent setups did 

occur from job to job. Operators were permitted to work on all machines within the cell 

to which they were assigned and a one-to-one operator-machine relationship did not 

exist, i.e., there may be fewer operators than machines per cell. 

Three approaches were examined in order to allocate operators to cells. These 

approaches included: (1) heuristic, (2) genetic algorithm and, (3) enumeration. Within 
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the heuristic approach, four separate heuristics were examined. Three of these heuristics 

were based on the weighted average of bottieneck workers for each variety in each cell. 

The fourth heuristic allotted operators to the maximum loaded cell. Two sequencing 

rules were also examined. 

The results of this study indicated that the heuristic algorithms developed work 

well if quick results were needed, but the genetic algorithm approach worked better if 

appropriate CPU time was available. Finally, the enumeration method worked best 

overall (it should since it enumerates all possible operator allocations), but the CPU time 

required was unreasonable. 

In terms of worker cross-training. Park (1991) examined the effects of various 

degrees of worker cross-training on five representative dispatching rules (FCFS-first 

come first served, EDD-earliest due date, SPT-shortest processing time, MOD-modified 

operations due date, and CR-critical ratio). The performance measures that were 

analyzed were: (1) percentage of jobs late, (2) mean tardiness, (3) variance of tardiness, 

(4) mean wait time, (5) variance of wait time and, (6) mean number of labor transfers per 

day. This study was conducted with the use of five different operator matrices, where 

each matrix represented a different level of cross training. The first matrix represented 

no cross training of employees whereas the fifth matrix represented full cross training of 

employees; each matrix between these two represented varying levels of cross training. 

For the job-shop under study, only five work centers existed with two machines per work 

center. One operator was assigned to each work center, thus representing a 50% staffing 
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level. In addition, if an operator was idle and could be moved to another work center, 

they were moved to the work center with the longest queue. 

Park used the network side of SLAM II in the development of the simulation for 

this study. ANOVA tests were designed to study the significance of the changes in the 

performance measures of interest. The statistical analysis resulted in the following 

conclusions: 

1. All dispatching rules have significant effects on the performance measures. 

2. Certain sequencing rules performed better than others depending on the 

operator matrix involved. 

3. The operator matrix that assumed no cross training performed consistently 

worse than all the others, with not much difference amongst the other four. 

The simulation model developed in this dissertation will follow this matrix type of 

formulation. 
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CHAPTER III 

SEMICONDUCTOR MANUFACTURING PROCESS 

3.1 The Process 

The entire integrated circuit (IC) manufacturing process consists of four distinct 

phases. These include: (I) wafer fabrication, (2) assembly, (3) probe, and (4) 

packaging/final testing. 

The first phase, wafer fabrication, involves the production of chips following the 

traditional job shop structure. Each chip is produced on silicon or gallium arsenide 

wafers, with each wafer able to hold several hundred chips. These wafers go through a 

process where layers of metal and wafer material are built up in order to produce the 

required pattern of circuitry. The actual processing is done on the wafers themselves, 

which are transported throughout the 'wafer fab' (clean room) in plastic containers. 

These plastic containers hold wafers in lot sizes of between 20-100 (Chen et al, 1988). 

Thus a lot size of between 20 and 100 wafers is produced at one time depending upon the 

lot size rules of the individual facility. Lot sizes are generally constant throughout an 

entire plant, but may change according to product within the same facility. 

The fabricated wafers then enter the second phase of wafer probe where the 

wafers are scored and broken into separate chips. Each individual chip is tested to 

determine if specifications are met. If a chip does not meet specification, the chip is 

discarded and large scrap costs are incurred. 

The wafer probe phase is followed by the third phase of wafer assembly. In this 

third phase, electrical connections are connected to the individual chips, which are then 
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encapsulated in plastic or ceramic cells. These cells form a layer of protection meant to 

guard the very fragile electrical connections from damage or contamination. 

Those chips that meet specification then go to the final phase of inspection and 

packaging. In this final phase, the chips are packaged and subjected to a final functional 

test and bum in. It is in this stage where the total process yield becomes the "greatest 

single determinant of economic success" (Chen etai, 1988, pp. 202-203). Generally, the 

yield (the fraction of chips that are successfully produced and marketed as salable) is 

80% or higher for relatively simple circuits. 

Since this dissertation will be concentrating on performance in the wafer 

fabrication phase only, wafer fabrication (phase one) will now be discussed in detail. 

There are five major departments in wafer fab production (Johri, 1993). These 

include: (1) chemical clean, (2) photolithography, (3) plasma/chemical (dry/wet) etch, 

(4) ion implantation and, (5) metal deposition/oxidation. The wafers are run through 

these five departments in varying order, depending upon which type of chip is being 

produced and may visit each department more than once (sometimes up to 24 or more 

times). Each wafer has a process recipe, which gives a detailed description of the 

operations executed in a prescribed sequence. Process recipes may differ significantly 

depending on which type of chips is being processed. Generally, however, the order of 

visitation is as follows: cleaning, metal deposition/oxidation, photolithography, etching, 

and ion implantation. 

Chemical clean is performed to clean the wafer in order to continue its production 

in the rest of the facility. Chemical and mechanical methods are used to remove surface 
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contaminants and the wafers are then subsequently force-dried to remove any residual 

moisture (Elliot, 1989). The wafer fabrication area itself is sometimes called a 'clean 

room' due the high amount of attention needed to keep dust and dirt particles out of the 

atmosphere. Any minute dirt or dust particles present on the wafer can severely 

detriment the viability and salability of individual chips. 

Once the wafers are appropriately cleaned, metal deposition/oxidation occurs. 

Metal deposition is the process of depositing a thin film of material, generally silicon 

dioxide, which forms a layer of the integrated circuit. The main objective of metal 

deposition/oxidation is to provide a layer of material that creates a uniform and defect-

free base for photoresist adhesion and imaging, both of which are performed in the next 

step of photolithography (Elliot, 1989). 

Photolithography, coined as the most intricate and complex operation in the wafer 

fab, is a process where light-sensitive material (photoresist) is applied to the wafer. 

However, before the photoresist can be applied, a softbake must occur. Softbaking 

removes the solvents present in the deposition/oxidation stage so that proper imaging can 

take place void of contaminates. 

Once softbaking is complete, subjecting the wafer to ultraviolet light through a 

mask that contains the circuit pattern continues the photolithography process. The 

photoresist underneath the mask is not affected, creating a latent image of the circuit. 

This process may need to be applied several times, depending on the wafer's process 

recipe. Each successive exposure to the ultraviolet light needs to be aligned carefully so 

the circuitry pattern required is exact. If a mistake is made, rework of the wafer is 
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possible by stripping the photoresist and sending the wafer back to cleaning and 

beginning the process over again. Once this process is complete, an on-site inspection is 

performed to determine if the chips are currently defect-free. 

Following the inspection, a hardbake process may occur. This step may not 

always occur and does not occur in the simulation system under study here. However, 

some firms use this technique to ensure that the photoresist is well bonded to the 

underlying oxide. 

Following the photolithography stage is the etching stage. Etching actually 

defines the circuit by removing portions of the deposited layer (metal deposition) that is 

not protected by the photoresist (laid in the photolithography department). Complete 

removal of the developed photoresist is necessary since any residue left on the 

semiconductor layer may prevent the etching action (Elliot, 1989). Once this removal is 

complete, wafers are again inspected for defects. If defects are found, etching occurs to 

remove the defective layer. The wafer must then be re-grown and re-imaged. For those 

wafers that pass inspection, ion implementation/diffusion is then performed. 

Ion implantation/diffusion is the final step in the wafer fabrication process. Here, 

the wafer is exposed to accelerated ions that are implanted to a predetermined depth and 

concentration. The diffusion process changes the electrical properties of the surface 

(silicon) of the wafer not protected by the photoresist. This is done to create buried 

collectors, bases, emitters, and resistors or to achieve surface charge control (Beadle, 

Tsai, and Plummer, 1985). Boron, phosphorus, and arsenic ions are most frequently 

implanted due to their ability to alter electrical properties in small quantities. Once this is 
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complete, the wafer fabrication phase is complete. Defect-free chips are then sent to 

phase two, the assembly phase, as discussed previously. It is of interest to note that 

wafers, at this point, may go back to the photolithography stage in order for more 

complex circuitry to be imaged. It is this reentrant flow of chips that creates a complex 

production environment. Figure 3-1 graphically shows the wafer fabrication process 

(Gurnani, Anupindi and Akella, 1992). 

Diffusion/Implantation 

Photolithography 

Start 

Reentrant Loop 

To 
Probe 

Figure 3-1: Wafer Fabrication Process Flows. 

3.2 Machines and Operators 

Wafer fabrication machines constitute a large percentage of the capital investment 

in a wafer fabrication plant. Thus, scheduled maintenance and calibrations must be 

performed, not only to keep the machines in working condition, but also to protect thê  

high value wafers ($75,000/wafer) that are processed on them. Unfortunately, 
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maintenance and calibration of certain machines requires hours to perform. Thus, an 

integral part of any simulation model is accurately to account for machine downtime due 

to scheduled maintenance and calibration. 

In addition to scheduled machine breakdowns, there always exists the possibility 

of unscheduled machine breakdowns. These unscheduled breakdowns must also be 

modeled appropriately in the simulation model. In a study by Averill M. Law (1990), the 

appropriate modeling of random machine downtime and results comparing this to a 

model with no use of random downtime is presented. Many simulators. Law suggests, 

alter the processing rate of machines to account for downtime as opposed to correctly 

modeling the downtime with a probability distribution. Drastic differences among 

performance measures are reported between correct and incorrect modeling of random 

down time. 

Of course, the machines cannot run themselves. Thus, operators are used 

primarily to: (1) set-up the machines, and (2) load the machines. They also perform 

login and logout procedures so wafer accountability can be performed. With each wafer 

costing the semiconductor firm around $75,000, accountability plays a significant role in 

the processing environment. Operators are generally scheduled to work on one of two 

shifts that constitute twenty-four hours of continuous operation. 

The importance of operator availability should not be underestimated. Chen et. al 

(1988) explain that the following factors limit the actual time spent producing wafers: (I) 

preventative maintenance, (2) set-up, (3) absence of qualified operators, (4) end of shift 
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effects, and (5) episodes of unscheduled downtimes. The first four of these factors 

include the need for appropriate use and allocation of operators throughout the plant. 

Also, according to Johri (1993), operator non-availability "is a source of variation 

in otherwise relatively deterministic processing times" (p. 481). Operators, as discussed 

above, are required to set-up machines, load wafers, unload wafers, and perform the 

logout activity. Attempting to balance all of these duties and keep both operator and 

machine utilization high is very difficult. Thus, scheduling (dispatching rules) and 

release rules must be devised keeping the limitations of operators in mind. In most 

instances, a single operator is charged with running several machines, two to five, 

depending on the staffing requirements and guidelines of the fabrication plant. Changing 

these guidelines can have substantial impact on the performance of the wafer fab facility 

(Johri, 1993). 

3.3 Setup and Processing Times 

Setup and processing times also vary considerably from wafer to wafer. In most 

instances, setup time is treated separate from load time. Setup can take just a few 

minutes, if all that needs to be done is loading a different program on the machine, or it 

can take hours if changing fixtures or alignment is needed. Further, in some departments 

(ion implantation), setup can be sequence dependent. Thus, sequencing in order to 

reduce setup times becomes an important issue with respect to throughput. 

Processing times are generally non-linear in nature and vary according to the 

number of wafers in a lot. This factor comes into play during the loading and unloading 
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of machines, depending upon the load capacities of the individual machines. It must be 

noted that certain processing times are deterministic based upon the large loading 

capacities in relation to the prescribed lot sizing policy of the semiconductor firm. 

To put the scheduling complexities that a simulation model must capture into 

perspective, Johri (1993) gives the following list of time scales and dimensionalities in 

wafer fabrication: 

1. Number of circuit layers on chips: 1-10. 

2. Number of steps in process recipe: 50-400. 

3. Number of machines in wafer fab: 50-300. 

4. Number of machines in process area: 1-15. 

5. Number of types of wafers: 1-15. 

6. Number of variations within wafer types: 1-100. 

7. Number of lots in process: 100-1500. 

8. Processing time per lot: 1-12 hours. 

9. Set-up times: 0-4 hours. 

10. Theoretical cycle time: 2-15 days. 

11. Actual cycle time: 5-40 days. 
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CHAPTER W 

THE SIMULATION 

4.1 Choice of Simulation Software 

Section 2.1.4 (Simulation Software) discussed many factors that should be 

considered when deciding on which simulation software package to use. The decision of 

which package to use for this dissertation, however, was severely limited. The University 

has two simulation software packages that can be used where research will be shared with 

the actual firm for which the research was performed (due to licensing agreements). The 

College of Business has SLAM II, which is a FORTRAN-based discrete event simulation 

language run on the VAX while the College of Engineering (Department of Industrial 

Engineering) has GPSS/H, which is also a FORTRAN-based event driven simulation 

language that runs on a PC. Thus, the only decision was whether or not to use SLAM II 

or GPSS/H based on University restrictions and lack of funding to purchase appropriate 

licensing agreements. Table 4-1 lists several advantages for both types of simulation 

languages. 

Table 4-1: SLAM U and GPSS/H Advantages. 

SLAM n GPSS/H 

• More flexible (FORTRAN interface) • Runs on PC 

• Faster, run on VAX mainframe • Less complex programming 

• Prior simulation already written in SLAM • Allows for animation 

• Similar statistical capabilities • Clearer output reports 
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According to Law and McComas (1992), the two most desirable features of any 

simulation software are its flexibility and ease of model development. SLAM II is more 

flexible (discrete event modeling) since it has a FORTRAN interface in which 

programming can be performed. However, this implies that SLAM II is not as easy to 

use as GPSS/H. This is mainly true because GPSS/H is purely a block oriented package 

where third generation language programming is not needed (similar to the network 

modeling technique in SLAM II). 

In looking at the purpose of the simulation, I feel both languages have the 

flexibility required to model accurately the system of interest. However, the size of this 

simulation requires an environment that can easily handle its size as well as execute the 

simulation quickly. SLAM II provides both of these benefits. Further, a portion of the 

simulation that will be used in this dissertation has already been written in SLAM II. 

These three benefits (size, speed, and previous work) for SLAM II, in my opinion, 

outweigh the benefits (ease of model development, animation, and clearer output reports) 

for GPSS/H. Thus, SLAM II will be the simulation software of choice. 

4.2 Network Modeling in SLAM II 

This section and section 4.3 will be devoted to discussing the SLAM II simulation 

software package. All information in this section and section 4.3 was gathered from 

Pritsker(1986). 

One type of modeling approach SLAM II incorporates is network modeling, 

where a set of entities (objects of interest) flow through a network of nodes and activities. 
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Each status change can occur only at one instance in time, that is, when these activities 

arrive at a specific node. Thus, state changes (or activities) are logged into an "event 

calendar" that keeps track of when each event will occur. In the event calendar, an event 

is characterized by both event time and by an end node. SLAM II executes these state 

changes in term of the earliest event time and when complete, sends the entity to the end 

node activity; hence, arriving at the next event in the event calendar. Figure 4-1 

demonstrates the SLAM II processing logic for network simulations. 

First, the SLAM II statements are interpreted. Then, an initialization phase is 

called to initialize all the variables within the simulation. Also, in the initialization stage, 

an entity arrival event is placed on the event calendar at each CREATE node so that the 

first release at each create node is generated. Further, all entities initially in QUEUE 

nodes are created and end-of-service activities are scheduled where appropriate, freeing 

up all activity nodes. 

After the initialize phase, the simulation is executed. The current simulation time 

denoted by the system variable TNOW, advances to the event time corresponding with 

the first scheduled event in the event calendar. When an entity arrives at any node, one 

of two activities is possible: 

1. The entity will be routed to another node. 

2. The entity will be delayed at the node based on the state of the system. 
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Figure 4-1: Next Event Logic for Network Simulations. 
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Once all activities on the event calendar have been scheduled, SLAM II tests for 

one of the following three end-of-simulation conditions: 

1. TNOW is greater than or equal to the user specified ending time of the 

simulation. 

2. There are no events on the event calendar. 

3. A TERMINATE node has been released. 

Once the simulation ends SLAM generates an input listing report, an echo report, 

a trace report, and a summary (statistical) report. 

4.3 Discrete Events Modeling in SLAM II 

SLAM II also has a discrete event modeling capability that allows for more 

flexibility. Discrete event modeling models a system by describing the changes that 

occur in the system at discrete points in time. This type of model is constructed by 

defining the event types that can occur and then modeling the logic associated with each 

event type. These changes in state occur in a time-ordered sequence and occur only at 

the beginning of an activity (when something is started) or at the end of an activity (when 

something is terminated). State changes can occur in one of the following four ways: 

1. By altering the value of one or more variables. 

2. By altering the number of entities present. 

3. By altering the values assigned to one or more attributes of an entity. 

4. By altering the relationships that exist among entities through file 

manipulations. 
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Each of these four possible state changes can be accomplished by methods 

already available in SLAM. 

Discrete event simulafion, therefore, describes the state of the system but not how 

the system operates. The 'discrete events' specify the logic that controls the changes that 

occur at specific instants in time. The dynamic behavior of the system is captured by 

sequentially processing events and recording status values at event times. 

From the above discussion, several important types of functions are demonstrated 

which must be performed in simulating discrete events. These functions are: (I) 

scheduling events, (2) placing events in chronological order, (3) advancing time, (4) file 

(queue) manipulation, (5) statistics collecting and reporting, and (6) random sample 

generation. Once the status variables (variables that define the system state), events, 

entities, attributes, and relationships have been defined, SLAM II can be used. 

Subroutines need to be written for each event type that could occur. Points in time at 

which the individual events occur would be automatically handled by SLAM II using the 

time between events as specified by the user in the appropriate event routines. The 

SLAM II next event logic for simulating discrete models is depicted in Figure 4-2. 

A SLAM II discrete event simulation is ended if any one of the following 

conditions occur: 

1. TNOW is greater than or equal to TTFIN, the ending time of the simulation. 

2. No events remain on the event calendar for processing. 

3. The SLAM II variable MSTOP has been set in a user written routine to -1. 
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Figure 4-2: Next Event Logic for Discrete Event Simulations. 
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Due to the complexities of the semiconductor facility under study, the more 

flexible discrete event modeling technique will be the method used in the dissertation 

simulation. 

4.4 Simulation Model 

4.4.1 The Original Simulation Model 

The simulation model constructed will be a derivative of a model developed by 

Kenyon (1997). The purpose of the simulation constructed by Kenyon (1997) was to 

determine the effect of different lot sizes on the overall profit of a semiconductor firm. 

Other performance measures such as cycle time, throughput, and WIP inventory were 

also examined as these played an important part in the costing factors of the net profit. 

Since Kenyon's model is the base for the model in this dissertation, a discussion 

of the original model will first be given. Then, changes in the original model will be 

discussed. These changes will be an attempt not only to design the simulation for the 

performance measures of interest in this study, but also to make the simulation more 

robust and more realistic to the actual system under study. 

In the original model, the wafer fabrication process was divided into sixty work 

centers, with each work center consisting of a specific number of machines. Each 

machine within each work center was treated as an independent identical machine, with 

setup and processing times differing from product to product. The simulation was 

constructed to run for two years, with the first year of data discarded in order to warm-up 

the system. Since semiconductor processing can be very complex, only three products 
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were selected to run within the simulation. Thus, the entities in the simulation consist of 

jobs that need to be processed. Only nine events are possible for any one entity in the 

simulation. These nine events include: 

1. Arrival to Work Station, 

2. Beginning of Setup, 

3. End of Setup / Scheduling of Service, 

4. End of Service / Scheduling of Logout, 

5. Logout Task (unbatching), 

6. End of Logout / Scheduling of Transfer, 

7. End of Transfer / Scheduling of Arrival, 

8. End of Maintenance / Scheduling of Setup, 

9. Trashcan / Entity Disposal. 

In addition to the events that can occur on the entities, each entity may carry along 

with it a set of attributes. Each entity (job) created in the original simulation model 

carries the following fifteen attributes: 

1. TNOW: The time the job was placed into service (cycle time parameters). 

2. Remaining operation time: SOP sequencing rule. 

3. Current work center: tracks the jobs work center. 

4. Current processing code: operation type currentiy being performed. 

5. Current operation number: which operation in process recipe is being 

performed. 

6. Current yield rate: yield rate of current product being processed. 
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7. Current cumulative processing cost: tally of production costs. 

8. Cumulative set-up time: tally of set-up times, helps determines set-up costs. 

9. The device type: job type being performed (one of three). 

10. The current row pointers: points to appropriate row in process recipe table. 

11. The machine that is currentiy in use. 

12. Current operator servicing the batch: which operator (by number) is busy. 

13. Current logout terminal: which logout terminal is currently in use for logout. 

14. Job pointers for batch array: tracks which job is currently batched with 

another. 

15. Job pointer for previous job into batch array: track previous job that a new job 

was batched with. 

To help achieve a better overall picture of the original simulation model, each of 

the nine event types will be discussed. Changes that occur to status variables, attributes, 

and entity flows will also be discussed. 

The first event that occurs is the ARRIVAL event. In the ARRIVAL event, 

materials are released to the fab with the use of a normal distribution, whose mean and 

variance are determined from forecasted figures. Each release is then scheduled on the 

event calendar, attributes are assigned for each newly created job, and WIP levels are 

updated. Arrival patterns at all other work centers will be dictated by the material flow 

based upon the initial release. 

Once an arrival to a work center has occurred, the SETUP event is scheduled. 

Queues are placed at the beginning of each work center, where all machines within the 
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work center pull jobs from this central queue. If no queue exists, then an idle operator 

and idle machine are assigned to that current job. If a queue does exist, the job is placed 

at the end of the queue. An attempt is made to locate an idle operator-machine pair for 

the first job in the queue utilizing a FCFS queue discipline. If an idle operator-machine 

pair is found, the operator and machine statuses are set to busy, the job is removed from 

the queue, the operator-machine pair is assigned to this job, and the load capacity of the 

machine is determined. If no operator-machine pair is available, then the job is left in 

queue until a machine-operator pair becomes available. 

Also, machine failure is incorporated in the SETUP event. Machine failure is 

determined after an idle machine has been found and is accomplished by looking at the 

overall machine up-time and comparing this percentage to a uniform zero-one random 

variable. If this random variable is greater than the percentage of up-time for the 

machine of interest (based on historical data), the machine is placed in failure and the 

ENDREP AIR event is scheduled. In the ENDREP AIR event, the mean time to repair 

(MTTR) is the MTTR given by the semiconductor plant management. A normal 

distribution with the given mean and a standard deviation equal to 1/4 times the mean is 

used to give the MTTR a more stochastic and realistic performance. If a machine is busy 

because of failure, the search continues for an idle machine in the current work center for 

the first job in the queue. If no idle machine is found, the simulation proceeds with the 

next event on the event calendar. 

Once a job has been assigned to a given machine-operator pair in the SETUP 

event, the simulation then determines if a regular or conditional setup is needed. This is 
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determined by looking at the previous job's process recipe. If the process recipe is 

similar to the current job's process recipe, then a conditional setup occurs. If the two jobs 

are dissimilar in process recipes, then a regular setup occurs. A conditional setup takes 

considerably less time to perform than a regular setup. Also, before the setup actually 

begins, the load capacity of the machine is compared to the lot size of the current job. If 

the current lot size is less than the load capacity, the queue is searched (on a FCFS basis) 

for a job similar to the current job. As long as the combined load for these two jobs is 

less than or equal to the load capacity of the current machine, these jobs are combined 

(batched). Attributes corresponding to batching are also set. This search process 

continues until the addition of any similar lots within the queue will cause the processing 

lot size to exceed the current machine's load capacity. If no similar job exists in the 

queue or if no other job in combination with the current job has a load capacity less than 

or equal to the current load capacity, then the single lot is scheduled for setup and 

processed independentiy. The ENDSETUP event is then scheduled. 

When the ENDSETUP event is executed the operator status is set to idle and the 

ENDSERVICE event for processing is scheduled. Delay times for the processing are 

retrieved from the process specification table. When the ENDSERVICE event is 

executed, the logout queue is examined for jobs. If a job exists in the logout queue, the 

job is removed from queue and the LOGOUT event is scheduled. If no job exists in the 

logout queue, then the simulation proceeds with the next event on the event calendar. 

The ENDSERVICE (processing) event, which is scheduled in the ENDSETUP 

event, performs the actual processing of the job on the current machine. Here again, a 
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LOGOUT event is scheduled. Further, if a job exists in the work center queue, the first 

job in the queue is chosen (FCFS) and the SETUP event is scheduled for this particular 

job. If no job remains in the work center queue, then the simulation proceeds with the 

next event on the event calendar. 

The LOGOUT event scheduled in the ENDSERVICE and ENDSETUP events 

will logout the jobs from the specific work center. The logout event searches for an idle 

operator and, if found, sets the operator status and terminal status to busy and schedules 

the ENDLOGOUT event. It is assumed that each machine has its own logout terminal. 

If no idle operator exists, the job remains in the logout queue and the simulation proceeds 

with the next event on the event calendar. 

The ENDLOGOUT event unbatches any jobs that were batched during setup, 

determines the appropriate yield of the completed lots, schedules the TRANSFER event 

for job transfers to the next work station, sets the operator, machine, and terminal statuses 

to idle, collects statistics on machine and operator utilization, and then searches the work 

center queue for more jobs. If a job exists in the work center queue, the first job is 

removed and the SETUP event is scheduled. If no jobs remain in the work center queue, 

then the logout queue is searched for additional jobs. If a job exists in the logout queue, 

the first job is removed from the queue and the LOGOUT event is scheduled. If no job 

remains in the logout queue, then the simulation proceeds with the next event in the event 

calendar. 

The final event is the TRANSFER event, which is scheduled in the 

ENDLOGOUT event. In the TRANSFER event, the next work center and processing 
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requirements are determined from the process specification table. Once determined, the 

job attributes are updated, the operation number is increased by one, and the job is 

examined to determine if it requires more processing. If the job requires more 

processing, the job's current work center attribute is updated and the SETUP event is 

scheduled. If the job has no further operations remaining, then statistics are collected. 

The job is then disposed of with use of the TRASHCAN event and the simulation 

proceeds with the next event on the event calendar. 

4.4.2 Characteristics of Original Model 

One of the items that must be clearly known in a simulation model is the 

components that make up the simulation model. A listing of the components needed in 

the simulation model follow: 

1. Machines, 

2. Login/Logout terminals, 

3. Operators, 

4. Wafers ~ three devices total. 

In addition to the components, however, other important aspects of a simulation 

exist. These aspects are the assumptions, parameters, and relationships. The 

assumptions, parameters, and relationships made in the original simulation follow in 

Figures 4-3, 4-4, and 4-5, respectively. 
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Constant processing times 

Constant setup times, conditional and regular 

Constant transfer time 

MTTR-normal distribution, but no catastrophic failures will be modeled 

Login/logout queue discipline is FCFS 

WC queue discipline FCFS 

One operator available per machine 

Constant yield rate/device 

Varied lot sizes 

Daily demand normally distributed 

Three device types 

Release rate normally distributed 

Maintain lot integrity 

Zero search time for batching 

One logout terminal per machine is available 

Constant load capacity, but differs from machine to machine 

Figure 4-3: Assumptions of Original Model. 

• Processing times 

• Transfer time a constant five minutes 

• 3,6,9,12,15,18,21,24,30,36,42,and 48 varied lot 

sizes 

• 3 device types 

• Release rates normal with p. = 145 and 241 

a n d a = . l and .00001 

• 

• 

• 

• 

Setup times 

MTTR distribution: N(5min., .25min.) 

Yield rate for all devices a constant .997975 

Load capacity (varies per machine) 

Figure 4-4: Parameters of Original Model. 
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Jobs must arrive before setups occur and setup occurs before processing 

Operator and machine must be available for setups to occur 

Machine processing occurs immediately after setup 

Operator and log terminal must both be available for login or logout to occur 

Machine becomes idle only after logout has occurred of last device processed 

Machines and operators can take only new work if idle 

Batch only if jobs are same device with similar processing and appropriate load capacity 

Batching is done prior to setup 

Primary queue discipline is priority, secondary is FCFS 

Release rate dictated by an average demand 

One work center shall exist for each major processing activity 

Partial loads may be run at all non-bottleneck locations 

Year one of data discarded to allow for steady-state 

Operators are busy during setup and logout procedures 

Operators become idle after setup of machine has occurred 

If machine-operator idle pair cannot be found, job is not removed from queue 

Each machine requires only the use of one operator (most machines are fully automatic) 

Search for batching lots performed during machine operation 

Figure 4-5: Relationships within Original Model. 

In addition to assumptions, parameters, and relationships, it is also important that 

the status variables are well defined in this simulation. Since the simulation is based on 

discrete events, each event will cause a change in the current status of the simulation. 

Therefore, each status change event will need to be modeled, in terms of a subroutine, in 

the model itself. The following is a list of status variables that define the system at any 

one point in time: 

1. TNOW. 

2. Machine status (idle/busy). 

3. Operator status (idle/busy). 
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4. Logout terminal status (idle/busy). 

5. Queue lengths (before each work center and after each work center). 

6. Number of lots of wafers currentiy in system. 

Without a clear definition of the above aspects (components, attributes, 

parameters, variables, relationships, and status variables) a simulation model cannot be 

appropriately developed. With these described, a model that enhances and expands the 

original model can be developed. 

4.4.3 Scope of New Model 

The actual simulation for this dissertation will focus only on the wafer fabrication 

process, and not on the back-end processes. The scope of this simulation will be limited 

to reducing the labor force and examining the results on the three performance measures 

of WIP inventory, product cycle time, and product throughput. A robust and valid 

simulation will be built for this purpose only. Many other factors could be manipulated 

and many other important relationships could be examined. However, due to the endless 

supply of relationships within a complex semiconductor facility, the remainder will be 

left for future research endeavors. 

4.4.4 Modifications to Simulation Model 

The following are modifications that will be made to the original simulation in 

order to produce a more robust simulation and to produce a simulation that meets the 
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research objectives of this dissertation. The following are the nine subroutines of the new 

model: 

1. Arrival. 

2. Endrepair. 

3. Setup. 

4. Endsetup. 

5. Endservice. 

6. Logout. 

7. Endlogout. 

8. Endtmfr. 

9. Stats. 

Flow charts of the subroutines can be found in Appendix A. These flow charts 

give a detailed description of what occurs in each of the subroutines for the new model. 

Further, the SLAM II subroutines are also present in Appendix A in order to give the 

reader a full understanding of the simulation model. 

The components and status variables will remain the same as the original model, 

but the new assumptions are as follows: 

1. Release rates are deterministic. 

2. Number of operators will vary from run to run. 

3. Operators trained on every machine within the work center they are assigned. 

4. Operators may work only within their own work center. 

5. No more than one operator available per machine. 
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6. To help reduce set-up times, a priority queue discipline will be used where 

jobs that required similar processing are run sequentially. Batching will also 

occur similar to the original model. 

7. A secondary queue priority of FCFS will be utilized. 

8. Only one operator needed to setup a machine or to logout a lot. 

The new parameters are: 

1. Lot size is fixed at twenty-four wafers per lot (current lot size). 

2. Operator levels will vary by percentage staffing. 

3. A control staffing level will be determined to compare all other staffing level 

performance measures. 

The new relationships are: 

1. Release rate based on probability distribution and time in queue at bottleneck 

work center. 

2. Machine becomes idle when processing is done, not when logout has 

occurred. 

3. Operators may operate only a machine for which they are trained. 

4. Operators cannot work in a work center for which they are not assigned. 

5. Jobs in the logout queue will be given priority over those in the work center 

queue. 

Data collection will consist of the following: 

1. Total WIP levels (yeariy). 

2. Total throughput levels (yeariy). 
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3. Average cycle time (averaged over a year). 

4. Length and time spent in queues. 

5. Individual worker utilization. 

In order to understand the flow of the simulation model with respect to the 

semiconductor process that was simulated, the following two figures are presented. 

Figure 4-6 shows the production process from a work center view, whereas Figure 4-7 

shows the nine subroutines and where these subroutines fit into the production process. 

operator 
4 W 

oper oper 
< • 

Material 
Transfer 

< H 

Transfer Transfer Transfer Transfer 

WC Oueue Log Queue 

Setup Machine 
Processing 

WC Queue 

Logout 

Figure 4-6: Process Flow at each Work Center. 
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Figure 4-7: Simulation Subroutines Added to Process Flow at Each Work Center. 
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CHAPTER V 

VALIDATION OF SIMULATION MODEL 

5.1 Model Validation 

Probably the most important aspect of developing a simulation model is the 

methods used to verify the model. Model validation consists of answering three 

questions (Pegden, Shannon, and Sadowski, 1995): 

1. Does the model adequately represent the real worid system? (conceptual 

validity) 

2. Are the model-generated behavioral data characteristic of the real world 

system's behavioral data? (operational validity) 

3. Does the simulation model's ultimate user have confidence in the model's 

results? (believability) 

Validation can be judged only "in relationship to the real system ... since all 

models contain both simplifications and abstractions of the referent system, no model can 

ever be absolutely correct" (Pegden et al, 1995, p. 138). Thus, we must attempt to prove 

the model accurately reflects the system to the majority of the people, especially to 

ourselves and to those for whom the model was developed. 

According to Pegden et al (1995), three distinct approaches to validation exist. 

These are: 

1. Rationalism: Assumes that most of the underlying assumptions on which the 

model is to be based are obviously true and that they need not be proved. 

2. Empiricism: Requires that every assumption be empirically tested and 
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validated. 

3. Positive Economics: Requires that the model is only able to predict the future 

and is not concerned with the underiying model assumptions or structure. 

Pegden et al further mention that in order to test the simulation model for 

validity, reasonableness, model structure and model behavior in relation to the referent 

system must be examined. 

5.2 Testing Model for Reasonableness 

In validating the model presented in this dissertation, it was tested for 

reasonableness. Testing for reasonableness is an attempt to show the model does not 

exhibit unrealistic or unreasonable behavior. Four tests suggested by Schlesinger et al. 

(1974) for reasonableness are continuity, consistency, degeneracy, and absurd conditions. 

The first test of reasonableness is the test for continuity. Continuity infers that 

small changes in the input parameters should cause small changes in the output measures. 

Continuity was tested in the simulation model by making small changes in the staff levels 

to determine the proportionate changes that occur in the performance measures of 

average WIP inventory, average product cycle time, and average yearly product 

throughput. The inputs used in the simulation consisted of a lot size of twenty-four 

wafers per lot, a release rate of 144 wafers per twelve-hour shift, and a first-in-first-out 

(FIFO) queue discipline. Further, in order to look at the continuity of the model, four 

staff levels were employed. A 100%, 90%, 85%, and 80% staff level were used because 
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from each staff level to the next, the actual change in the number of operators in the 

fabrication area is small. 

The simulation was run ten times under each of the four staff levels for the 

performance measures of average WIP inventory, average yearly product throughput, and 

average product cycle time. Then, multiple comparison tests were performed using the 

Bonferonni t-test. The Bonferonni t-test was used because it adjusts the alpha level in 

order to protect the overall type I error rate. This method was used as opposed to the 

straight t-test in order to avoid having to convert data already collected. However, the 

Bonferonni t-test for multiple comparisons will yield a result similar to the straight t-test 

analysis because of its overall type I error rate protection. 

The following three hypotheses were tested at a .05 overall level of significance. 

Note that the staff levels of n and m are both members of the set of staff levels of {100%, 

90%, 85%, 80%}, n does not equal m, and the comparisons of the n-^% staff level to the 

m^% staff level are made only when m is the direct successor of n. 

1. Ho: There is no difference between the average WIP inventory level of the 

n^% staff level and m"'% staff level. 

Ha: There is a difference between the average WIP inventory level of the n % 

staff level and the n^^% staff level. 

2. Ho: There is no difference between the average product cycle time of the n % 

staff level and the ni^% staff level. 

Ha: There is a difference between the average product cycle time of the n % 

staff level and the m^% staff level. 
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3. Ho: There is no difference between the average yearly product throughput of 

.th th/ the n'"% staff level and the m^^o staff level. 

Ha: There is a difference between the average yeariy product throughput of the 

th th/ « % Staff level and m"'% staff level. 

The results of these hypothesis tests are summarized in Table 5-1, 

Table 5-1: Continuity T-Test Results. 
Performance 

Measure 

WIP 

Cvcle Time 

Throughput 

Staff Levels 
Compared 

(%) 

100 - 90 

90-85 

85-80 

100 - 90 

90-85 

85-80 

100-90 

90-85 

85-80 

Minimum Significant 
Difference 

86.744 

86.744 

86.744 

7.6407 

7.6407 

7.6407 

212.2 

212.2 

212.2 

Difference 
of Means 

27.34 

26 

15.33 

2.433 

.434 

2.1 

29.6 

22.4 

11.4 

Result of 
Hypotheses 

Cannot Reject Ho 

Cannot Reject Ho 

Cannot Reject Ho 

Cannot Reject Ho 

Cannot Reject Ho 

Cannot Reject Ho 

Cannot Reject Ho 

Cannot Reject Ho 

Cannot Reject Ho 

As can be seen by the above summary, none of the null hypotheses is rejected. 

This is true for all three performance measures at all staff level comparisons. Therefore, 

the simulafion model can be deemed to exhibit continuity. 

The next test of reasonableness that was examined was consistency. Consistency 

infers that similar runs of the simulation model should give similar results. This 

essentially determines if the changes in the random number variates are causing extreme 

changes in model output. Certainly, if this is the case, a red flag is raised and the model 
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is creating some unreasonable behavior. Ten similar runs were executed for each of the 

eleven staff levels (100%, 90%, 85%, 80%, 75%, 70%, 65%, 60%, 55%, 50%, and low) 

and the data was examined for any extreme differences. As a reminder, the staff level 

percentages represent the number of operators relevant to the 100% staff level. Also, the 

low staff level represents the situation where there is only one operator available per 

work center. The simulation was run with a lot size of 24 wafers per lot, a release rate of 

144 wafers per twelve-hour shift, and a FIFO queue discipline. 

In testing for consistency, the Dixon test for discordancy (Barnett and Lewis, 

1994) was conducted to determine if discordancy exists in the four performance measures 

of average WIP inventory, average product cycle time, average yearly product 

throughput, and average wait time in queue (W(Q)). The ten observations (from the ten 

replications) for each performance measure were compared with the mean of the ten 

observations using the t-test statistic in equation 5.1. 

r = ^ ^ - ^ (5.1) 
s 

where Xi = i* observation, 

X = mean of the ten observations, and 

S = standard deviation of the ten observations. 

Each performance measure was individually checked for discordancy amongst 

their respective ten performance measure values. An alpha level of .05 was used. 

A comparison of the t-values against the two-tailed critical value (alpha/2=.025 

with 9 degrees of freedom) indicates that none of the observations demonstrate 

discordancy at the 90%, 85%, 80%, 75%, 70%, 65%, 60%, 50%, or low staff levels for 
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the performance measures of average WIP inventory, average yearly product throughput, 

and average product cycle time. For the staff levels of 100% and 55% (with respect to 

the performance measures of average WIP inventory, average yeariy product throughput, 

and average product cycle time), two observations from each were found to be 

discordant. Since there are three products in each of the ten replications in each staff 

level for all three performance measures (a total of 3*10*11*3 = 990 observations), these 

four discordant points make up only .4040% of all the observations. This very small 

percentage is not large enough in order to declare the entire simulation model as 

inconsistent. 

With respect to the performance measure of average W(Q), the average wait time 

in each of the sixty work center queues was compared. This comparison was made for 

each simulation run, where each simulation run consisted of ten replications. Again, 

eleven different staff levels were examined. All staff levels are summarized in Table 5-2 

with respect to the performance measure of average W(Q). Sixty work centers with ten 

replications per staff level were examined for a total of 600 observations per staff level (a 

total of 6,600 observations). 
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Table 5-2: Discordancy Summary for Average Wait Time in Queue. 
Staff Respective WC Total Discordant Percentage of Total 
Level Replication Number Observations Observations 

(%) 

100 2 ,3 ,4 ,5 ,8 47,23,20,19,4 5 .83333 

90 5 43 I .1667 

85 7 2 I .1667 

80 2 ,2 ,5 ,6 ,7 ,9 25,36,27,41,44,46 6 l.OO 

75 2,6 44,9 2 .3333 

70 2,9 48,26 2 .3333 

65 2,3,8 34,22,48 3 .5000 

60 0 0 0 0 

55 5,5,7,10 7,42,31,57 4 .6667 

50 2,9 22,33 2 .3333 

Low 2,4 42,28 2 .3333 

Therefore, the total percent of discordant observations for the performance 

measure of average wait time in queue is .4242% (28 out of 6,600 observations). As with 

the other three performance measures, this total percentage is not large enough to warrant 

an inconsistent simulation model. In fact, aggregating all performance measures results 

in 32 out of 7,590 observations being discordant (a percentage of .4216). Thus, based on 

the Dixon tests summarized above, it can be comfortably inferred that the simulation 

model adequately demonstrates consistency. 

The third test of reasonableness is degeneracy. Degeneracy infers that when 

certain features of the model are removed, the output should reflect their removal. The 

five performance measures of average WIP inventory, average product cycle time, 

average yeariy product throughput, average W(Q), and average operator utilization were 
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examined at each of the eleven staff levels with ten replications per staff level. A 

deterministic release rate of 144 wafers per twelve-hour shift, a FIFO queue discipline, 

and a lot size of 24 were the inputs used for this analysis. The results from this analysis 

are seen in Figures 5-1, 5-2, 5-3, 5-4 and 5-5. 
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Figure 5-1: Average WIP Inventory Sensitivity to Operator Reduction. 
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Figure 5-2: Average Product Cycle Time Sensitivity to Operator Reduction. 
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Figure 5-3: Average Yearly Product Throughput Sensitivity to Operator Reduction. 
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Figure 5-4: Average Queue Wait Time Sensitivity to Operator Reduction. 

Opera tor Uti l ization Sensit ivity to Operator Reduct ion 

0.25000000 

0.20000000 

= 0.15000000 
•a 
3 

s. 
o 
& 0.1 

0.10000000 

0.05000000 

0.00000000 
100% 90% 

staff Lavel(%) 

Low 

Figure 5-5: Average Operator Utilization Sensitivity to Operator Reduction. 

Note that in Figure 5-5, the utilization factors include those operators that have 

zero utilization in certain work centers. 
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When operators are removed from the environment, we would eventually expect 

to see the performance measures of average WIP inventory, average product cycle time, 

average W(Q), and average operator utilization rise as seen in the above figures (i.e.. 

Figures 5-1, 5-2, 5-4, and 5-5, respectively). We would also expect the average yearly 

product throughput to decrease as seen in Figure 5-3. The flatness of the curves before 

the increases and decreases in the performance measures result from a particular work 

center being the bottleneck. Once the bottleneck changed (in this case from work center 

40 to work center 43), we see the jump (or decline) in the performance measure. Until 

the bottleneck changes, we would expect the performance measures to elicit a similar 

response (i.e., only statistical fluctuations existing), therefore, resulting in the flatness of 

the curves prior to and after a bottleneck change. Of course, the performance measure of 

operator utilization is unaffected by the bottleneck location and rises steadily. 

Finally, in the performance measures of average WIP inventory, average product 

cycle time, average yearly product throughput, and average W(Q) an unintuitive result 

occurs from the 50% staff level to the low staff level (i.e.. Figures 5-1, 5-2, 5-3, 5-4, 

respectively). However, upon closer examination, this result can be attributed 

specifically to the FMEG device. The following three figures (Figures 5-6, 5-7, and 5-8) 

show the total averages of the performance measures of average WIP inventory, average 

yearly product throughput, and average product cycle time with respect to device type, 

respectively. This was done at each of the eleven staff levels. Note that the average 

W(Q) and the average operator utilization were not examined because aggregate data 
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(over all product types) was collected as opposed to collecting the data on specific de 

types. 
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Figure 5-6: Average WIP Inventory Sensitivity to Operator Reduction-by Device. 
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Figure 5-8: Average Product Throughput Sensitivity to Operator Reduction-by Device. 

As can be seen, the DSP and FLASH device performance measures consistently 

follow the expected pattern at the low staff level for all three performance measures (see 

Figures 5-6, 5-7, and 5-8). However, the FMEG device behaves the opposite of what 

would be expected for these three performance measures at the low staff level. This can 

be attributed to the interaction effect of all the device types and the low staff level on the 

arrival and batching procedure for the FMEG device. The FMEG device uses several 

machines that are not used by the other devices, some of which have respectively larger 

load capacities. When the machine queue grows, the machines that process the FMEG 

devices can now fill their load capacity entirely, therefore, having less FMEG devices 

waiting for the next machine run. This, in turn, enables the FMEG devices to turn out 

slightiy faster than at the previous staff levels (up to the 70% level). Therefore, this 
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behavior can be nicely explained by the interaction of the devices and the subsequent 

arrival and batch procedures. 

The final aspect of reasonableness that was tested was to determine if absurd 

conditions exist in the model output. A small release rate, a large release rate, a 100% 

staff level, and a one operator per work center staff level (low staff level) were inputted 

to determine if the model performs adequately and to ensure no absurd conditions arise. 

The purpose of a very small release rate is that it is possible to track entities throughout 

the system and determine if they are performing as expected. The purpose of a very large 

release rate is to ensure that queues do not grow without bound. Ten simulation runs 

were conducted for each of the four scenarios (small release rate, large release rate, 100% 

staff level, and low staff level) and results on specific performance measures can be 

found in Table 5-3. The values represented in Table 5-3 reflect aggregate averages over 

all product types. 

Table 5-3: Aggregate 

Performance Measure 

Wait in queue (hours) 

WIP (wafers) 

Cycle Time (hours) 

Throughput (wafers) 

Utilization 

Performance Measures for Absurd Condition Scenarios. 
Small Release Rate 

(24 wafers) 

.1034 

601.03 

300.5 

17,515.2 

.001 

Large Release Rate 
(744 wafers) 

117.69 

2,379,666.67 

12,540 

10,492 

.0156 

100% 
Staff 

1.7069 

28,549.7 

2,372.4 

88,849.6 

.0432 

Low Staff 

4.7169 

70,148.33 

5,798.00 

60,743.20 

.1918 

As can be seen in Table 5-3, no absurd conditions exist when the model is placed 

under stress. In comparing the small release rate to the large release rate, patterns that 

one would expect appear. In the small release rate case, the average throughput is 
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17,515.2 wafers in a one year time period. For a release of twenty-four wafers per 

twelve-hour shift, a yeariy throughput of 24*2*365=17,520 wafers would be expected. 

This is shown in the small release rate case as most of the product will pass through the 

system due to the small release rate and the small wait time in queue. Since the 

simulation statistics are cleared after the first year, there is some slight difference in the 

average as lots remain in the system at the start of statistic collection in the second year. 

In comparing the small release rate to the large release rate (a 24-wafer release per shift 

to a 744-wafer release per shift), the expected rise in W(Q), WIP inventory, cycle time, 

and operator utilization occurs. A sharp drop in throughput also occurs. 

The same pattern is seen in the comparison between the 100% staff level and the 

low staff level (one operator per work center). In this case, an expected sharp rise occurs 

in the operator utilization since there are fewer operators available to do the same amount 

of work. Therefore, in the staff level comparison as well as in the release rate 

comparison, the stressed model indicates no absurd behavior. 

5.3 Testing the Model Structure 

The next approach for validation of a simulation model is to test the structure of 

the model. Pegden et al (1995) suggest the evaluation of some of the following four 

structure validity tests: 

1. Ensuring face validity. 

2. Performing sensitivity analysis. 

3. Testing parameters and relationships. 
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4. Verifying boundary and structural aspects. 

The first aspect of model structure that was examined was ensuring face validity. 

Face validity was achieved by asking people familiar and knowledgeable about the 

referent system whether the model behavior appeared reasonable. This is a very 

important aspect as one of the major factors in validating a model is the acceptance of the 

model by those for whom it was written. If this cannot be achieved, it does not matter if 

all other validity tests demonstrate model validity. It is important to note that the model 

developed cannot truly be compared to the referent system as only a subset of products 

will be placed in the simulation model. Thus, the true comparison of the model output to 

the referent system must be accomplished by using the expected output of those familiar 

with the referent system. 

Model face validity was achieved by having Dr. George Kenyon examine the 

output of the model. Dr. Kenyon is a consultant with Chesapeake Decision Sciences 

based in Houston, Texas. He has several years of work experience in the semiconductor 

industry and has performed simulation research of his own with the same semiconductor 

manufacturer as in this dissertation. Mr. Kenyon examined the output of the simulation 

model by comparing the simulation output of his validated model with that of the 

simulation output derived in this dissertation. According to Dr. Kenyon, "Given the 

similarity of results ... I believe that Neureuther's research is valid." Therefore, in 

utilizing the expertise and experience of Dr. Kenyon, the simulation model does elicit 

face validity. 
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The second aspect of testing model structure is sensitivity analysis. Sensitivity 

analysis was analyzed by taking each of the changes that were made to the model and 

examining their output to determine if it is what was expected based on these changes. In 

determining if the output that was generated is what is reasonably expected, the 

simulation was run at a 100% staff level and comparisons were made between each of the 

performance measures of average WIP inventory, average yeariy product cycle time, 

average yeariy product throughput, average W(Q), and average operator utilization for 

each level of each factor. The factors chosen to examine were lot size (at levels of 12, 

24, and 36 wafers per lot), release rate (at levels of 72, 144, and 192 wafers per twelve-

hour shift), and queue discipline (FIFO, LIFO, and SVF). The results are seen in Table 

5-4. 

Table 5-A 

Levels 

12 

24 

36 

72 

144 

192 

FIFO 

LIFO 

SVF 

L: Comparison of Performance Measures for Sensitivity Analysis. 
WIP 

24,142 

28,550 

109,583 

2,293 

28,550 

98,764 

28,550 

79,570 

34,023 

Throughput 

91,688 

88,850 

33,007 

52,562 

88,849 

76,719 

88,850 

53,477 

85,056 

Cycle Time Op 

Lot Size 

2,004 

2,372 

8,994 

Release Rate 

382 

2,372 

6,136 

Queue Discipline 

2,372 

520 

2,706 

er. Utilization 

0.07708 

0.04316 

0.01743 

0.02768 

0.04316 

0.04117 

0.04316 

0.03204 

0.04011 

W(Q) 

2.3667 

1.7092 

7.6573 

0.2387 

1.7092 

12.561 

1.7091 

11.377 

2.1809 
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In examining the results, we again see several expected patterns. In terms of lot 

size, the average WIP inventory level, the average product cycle time, and the average 

W(Q) all steadily increase as the lot size increases. Average WIP inventory increases 

because there are more wafers per lot in the system. Therefore, since each lot spends the 

same or more time in the system as seen by the average W(Q), there will be more WIP 

inventory in the system per unit of time. Further, the cycle time increases as lot size 

increases due to the larger lot sized lots having to wait longer to be loaded on each 

machine. Most machines, in this system, have a load capacity of 48 wafers. With lot 

sizes of twenty-four or twelve, two to four lots may be batched together and ran at the 

same time. Keeping in mind that lot integrity must be maintained, with a lot size of 36, 

only one lot of wafers may be ran at one time. This causes thirty-six wafers to be 

produced on each run of the machine. However, with the lot sizes of twelve and twenty-

four, 48 wafers can be produced each time. Therefore, the average WIP inventory, the 

average product cycle time, and the average W(Q) for wafers with a lot size of 36 will be 

considerably larger. Further, since fewer devices are being produced, we see a decline in 

throughput and a decline in operator utilization at the higher lot size of thirty-six. All of 

this is due to the batching technique coupled with the modal load capacity of 48 wafers. 

Examining changes that occurred in the model with respect to release rates and 

with respect to queue disciplines also exhibited expected results. A more in-depth 

discussion of these results occurs in Chapter VI, section 6.3. 

The final two aspects for testing model structure are testing parameters and 

relationships and determining structural boundaries. Even though these two aspects are 
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important, they were not formally tested. All of these factors can be seen as a result of 

executing the simulation model several times. Parameter and relationship validity was 

actually performed before the simulation was written by using the knowledge of those 

familiar with the system. Structural and boundary verification is used to demonstrate the 

model does not contradict reality. This is easily observed from the output generated. 

5.4 Testing Model Behavior 

The final approach for validating a simulation model, in addition to 

reasonableness and structure, is analyzing the developed model behavior with respect to 

the referent system. This was accomplished subjectively by taking the simulation results 

and determining if there were any unexpected results. If unexpected results occur, it must 

be determined if instances in the referent system exist that create the same unexpected 

results. If no such instances exist in the referent system, then the model must be analyzed 

further to correct this problem. The only unexpected result that occurred is that the 

performance measures of average WIP inventory, average product cycle time, average 

yearly product throughput, and average W(Q) behaved opposite to what was expected at 

the low staff level. This phenomenon was explained earlier in section 5.2. Therefore, 

since no other unexplained results occurred in the six hundred total dissertation runs, the 

model behavior can be deemed appropriate. 
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5.5 Conclusion 

Validation is an extremely important process for the development of an accurate 

simulation model. For the model developed in this dissertation, validation occurred by 

using statistical tests for consistency, continuity, and degeneracy. Along with the finding 

that no absurd conditions exist, these tests validated the reasonableness of the developed 

model. Then, face validity and sensitivity analyses were used to test and validate the 

model structure. Testing parameters and relationships and verifying structural boundaries 

also occurred to validate the model structure. Finally, comparing the developed model to 

the expectations of the system tested the model behavior. These techniques have been 

shown to elicit valid responses and they ensure the validity of the simulation model 

developed. 
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CHAPTER VI 

ANALYSIS OF SIMULATION MODEL 

6.1 Introduction 

The analysis of the simulation model was basically empirical. A simulation was 

developed that simulated the semiconductor production process of an existing 

semiconductor facility. The simulation was executed and random variables were 

collected on WIP inventory, product cycle time, and yeariy product throughput. 

Random variables for individual operator utilization were also collected, but were 

not formally tested. Of course, as the staff level decreases and the amount of work 

remains unchanged, the operator utilization will increase. This fact cannot weigh into the 

statistical analysis since it would mask all the other performance measures. 

6.2 Staff Level Analvsis 

The result to be achieved in the analysis was to determine a staff level that is 

smaller than the current staff level while maintaining statistically equivalent performance 

measures as compared to the control (100% staff level). Three ANOVA tests were 

constructed, one for each performance measure of interest (average WIP inventory, 

average product cycle time, and average yearly product throughput), to determine levels 

of operator reduction that cause significant changes in these performance measures 

relative to the current operational parameters of the semiconductor facility under study. 

The current operational parameters of interest consist of a release rate of 144 wafers per 

twelve-hour shift, a lot size of 24 wafers per lot, and a queue discipline of FIFO. 
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Operator reduction was achieved by creating a matrix of operators whose staff 

level was a percentage of the total staff level. Thus, the first operator reduction level 

consists of a matrix of operators that constitutes a 90% staff level. The subsequent 

operator reduction matrices exhibited 85%, 80%, 75%, 70%, 65%, 60%, 55%, and 50% 

staff levels, respectively. The control staff level was determined from the first run of the 

simulation and represents a 100% staff level. A 100% staff level corresponds to a staff 

level of 381 workers (one operator on duty for every machine in the fabrication area). 

Since the 100% staff level corresponds to 381 operators, a 90% staff level represents 90% 

of the original 381 operators or 343 operators. Therefore, a 90% staff level reflects the 

removal of thirty-eight operators from the original 381 operators under the 100% staff 

level. 

The removal of operators from the fabrication area was accomplished by ranking 

the average W(Q) of all sixty work centers. The average W(Q) for each work center was 

comprised of ten observations, one from each of the ten replications. The average queue 

wait times were then sorted by the work center with the least number of hours of queue 

wait time to the work center with the most number of hours of queue wait time. To 

reduce the number of operators to achieve the 90% operator staff level (or matrix), one 

operator was removed from the first thirty-eight work centers (the work centers with the 

least amount of queue wait time). If a work center had only one operator available, then 

that operator was not removed. Of course, the work center with the largest queue wait 

time is the bottieneck (or critically constrained resource if capacity is not exceeded) and 

no operators were ever removed from these specific work centers. This process was 
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continued for each staff level (staff matrix) that was tested. After every simulation run, 

the work centers were re-ordered and operators were removed to create the next staff 

level matrix. The process of removing operators continued in the same manner of each 

staff level until a staff level of 50% (or 191 operators) was reached. 

Three ANOVA tests were constructed to determine which staff levels, if any, 

resulted in significantly different (statistically) performance measure responses with 

respect to average WIP inventory, average product cycle time, and average yearly 

product throughput. Each simulation run consisted of ten replications at each staff level. 

The following main hypotheses were tested at a significance level of .05. 

1. Ho: There is no difference in the average WIP inventory when staff levels are 

reduced. 

Ha: There is a difference in the average WIP inventory when staff levels are 

reduced. 

2. Ho: There is no difference in the average product cycle time when staff levels 

are reduced. 

Ha: There is a difference in the average product cycle time when staff levels 

are reduced. 

3. Ho: There is no difference in the average yeariy throughput when staff levels 

are reduced. 

Ha: There is a difference in average yearly throughput when staff levels are 

reduced. 
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The analyses continued until significant differences were found in all three 

ANOVA tests (all three null hypotheses were rejected) or until there was only one 

operator per work center left. 

The designed experiment protocol was followed for the responses from all three 

performance measures, taken independently. Responses in all three hypotheses contained 

a measure (WIP inventory for hypothesis one, cycle time for hypothesis two, and 

throughput for hypothesis three) for each of the three devices for each replication. The 

ANOVA tests consisted of three factors that included staff level (ten levels), product (3 

levels), and replication (ten factors), resulting in 300 observations per ANOVA test. The 

factors of product and staff level were treated as fixed effect factors; however, the 

replication factor was treated as a random effect factor. Replication was treated as 

random because the mean structure of the replication factor is not of interest. The 

primary interest of the replication factor is to determine whether each replication was 

random with respect to every other replication. This infers that a covariance analysis, an 

analysis used to determine if there is any 'relationship' between levels, needs to be used. 

Please note that the factor of product was placed in the analysis solely to help explain 

some of the additional variability. This factor is not of interest in this study and, 

therefore, will not be analyzed. Each hypothesis was tested independentiy and results for 

each hypothesis are seen in Tables 6-1, 6-2 and 6-3. Following each table is the 

respective plot as seen in Figures 6-1, 6-2 and 6-3. 
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Table 6-1: ANOVA Results for Operator Reduction Effect on Average WIP Inventory. 
Source 

Staff 

Product 

Rep 

Staff*Product 

Staff*Rep 

Rep*Product 

Degrees of Freedom 

9 

2 

9 

18 

81 

18 

F-Statistic 

147,812 

163,579 

1.7788 

13,492 

5.7713 

1.3450 

P-Value 

.0001 

.0001 

.0871 

.0001 

.0001 

.1667 

90000 

80000 

70000 

60000 

o 50000 

& 40000 

§! 30000 

< 

20000 

10000 

0 4 
100% 90% 

Operator Reduction Effect on WIP Inventory 

85% 80% 75% 70% 65% 60% 55% 50% 

Staff Level(%) 

Figure 6-1: Operator Reduction Effect on Average WIP Inventory. 
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Source 

Staff 

Product 

Rep 

Staff*Product 

Staff*Rep 

Rep* Product 

8 0 0 0 -. 

7 0 0 0 -

6 0 0 0 -

w 
3 
O 

^ 5 0 0 0 -

.s 
u 
2" 4000 -
u 
3 
•D 
O 

£ 
» 3 0 0 0 -1 
31 
9 

e 

> 
< 

2 0 0 0 -

0 -
10( 

Degrees of Freedom F-Statistic 

9 109,924 

2 75,073 

9 1.3312 

18 5740 

81 3.1126 

18 1.2682 

Operator Reduction Effect on Cycle Time 

P-Value 

.0001 

.0001 

.2435 

.0001 

.0001 

.2152 

i 

T 
1 

J 

)% 90% 85% 80% 75% 70% 6 5 % ' 60% 55% 50% 

Staff Laval(%) 

Figure 6-2: Operator Reduction Effect on Average Product Cycle Time. 
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Table 6-3: ANOVA Results for Operator Reduction Effect on Average Throughput 
Source 

Staff 

Product 

Rep 

Staff*Product 

Staff*Rep 

Rep* Product 

Degrees of Freedom 

9 

2 

9 

18 

81 

18 

F-Statistic 

42,769 

18,721 

2.6359 

860.8525 

1.2683 

.6788 

P-Value 

.0001 

.0001 

.0398 

.0001 

.1023 

.8285 

80000 

i 70000 

? 60000 

o 

§ 50000 

I 
.>> 40000 

a> 30000 

s 
> 
< 

9 0 % 

Operator Reduct ion Effect on T h r o u g h p u t 

8 5 % 8 0 % 7 5 % 7 0 % 5 5% 

Staff Leva l (%) 

Figure 6-3: Operator Reduction Effect on Average Yeariy Product Throughput. 

The ANOVA tests and analyses above indicate only that operator reduction has a 

significant impact on the three performance measures of interest (the staff factor under 

each performance measure is significant with p-values of .0001 each). The interaction 

effect of staff*replication, even though is significant, can be explained. The standard 

error is very small in comparison to the mean square of the interaction effect due to the 
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fact that simulation data was analyzed. In fact, the difference between the standard error 

and the mean square is anywhere from a magnitude of I to a magnitude of 5. This causes 

the slightest amount of variation to be picked up. Therefore, since this significant 

interaction effect can be explained, the staff factor is valid to analyze. The plots of 

staff*replication for the performance measure response of average WIP inventory can be 

found in Figures B-l through B-IO of Appendix B for a visual verification that no 

interaction exists. A similar functional pattern exists for the significant interactions with 

replication for the performance measures of average product cycle time and average 

yearly product throughput. 

Since the two-way replication effect can be explained, multiple comparison tests 

were performed on the staff factor in order to determine which specific operator 

reduction level causes the first significant difference. Multiple comparison tests were 

performed for each ANOVA in which the 100% staff level (the control) was compared 

against all other staff level reductions with respect to the performance measure responses. 

Since the operator matrices were compared to a control matrix (100% staff level), the use 

of the Dunnett's test was the most appropriate for the multiple comparison tests. The 

reduced set of comparisons that result from the use of the Dunnett's test not only achieves 

the overall error rate specified, but does so with "better power than the procedures based 

on the T or F distributions" (Bremer, 1997, p. 70). An overall Type I error rate of .05 

was specified for the Dunnett's multiple comparison tests and classes were specified as 

the percentage of staff reduction. The following sub-hypotheses were examined by the 
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Dunnett's t-test where « is a member of the set of staff levels (90%, 85%, 80%,..., 50%}. 

This results in twenty-seven separate multiple comparison tests. 

1. Ho: There is no difference between the average WIP inventory level of the 

n''% staff level and the 100% staff level. 

Ha: There is a difference between the average WIP inventory level of the n''% 

staff level and the 100% staff level. 

2. Ho: There is no difference between the average product cycle time of the n^'% 

staff level and the 100% staff level. 

Ha: There is a difference between the average product cycle time of the n^% 

staff level and the 100% staff level. 

3. Ho: There is no difference between the average yearly product throughput of 

the n'^% staff level and the 100% staff level. 

Ha: There is a difference between the average yearly product throughput of the 

n'^% staff level and the 100% staff level. 

Table 6-4 shows the results of the multiple comparison tests for all twenty-seven 

sub-hypotheses. 

96 



Table 6-4: Dunnett T-Tests for Performance Measure Differences with Respect to Staff. 
Performance 

Measure 
Staff 

Levels 
(%) 

Minimum Significant 
Difference 

Difference 
Between Means 

Result of 
Hypothesis 

WIP 

Cycle Time 

Throughput 

90 
85 
80 
75 
70 
65 
60 
55 
50 
90 
85 
80 
75 
70 
65 
60 
55 
50 
90 
85 
80 
75 
70 
65 
60 
55 
50 

5798.7 
5798.7 
5798.7 
5798.7 
5798.7 
5798.7 
5798.7 
5798.7 
5798.7 
482.17 
482.17 
482.17 
482.17 
482.17 
482.17 
482.17 
482.17 
482.17 
3912.5 
3912.5 
3912.5 
3912.5 
3912.5 
3912.5 
3912.5 
3912.5 
3912.5 

27 
53 
69 
11 

-54752 
-54671 
-54715 
-54747 
-54710 

5 
2.9 
5 
.7 

-3910.0 
-4389.7 
-4393.7 
-4397.7 
-4390.2 

-22 
12 

-52 
54 

37915 
37877 
37960 
38015 
37924 

Do Not Reject Ho 
Do Not Reject Ho 
Do Not Reject Ho 
Do Not Reject Ho 

Reject Ho 
Reject Ho 
Reject Ho 
Reject Ho 
Reject Ho 

Do Not Reject Ho 
Do Not Reject Ho 
Do Not Reject Ho 
Do Not Reject Ho 

Reject Ho 
Reject Ho 
Reject Ho 
Reject Ho 
Reject Ho 

Do Not Reject Ho 
Do Not Reject Ho 
Do Not Reject Ho 
Do Not Reject Ho 

Reject Ho 
Reject Ho 
Reject Ho 
Reject Ho 
Reject Ho 

It is clear that under each performance measure, a staff level of 70% is significant. 

Therefore, in utilizing a staff level of 75%, the staff level can be reduced without 

statistically affecting the performance measures of average WIP inventory, average 

product cycle time, and average yearly product throughput. However, due to the method 

of operator removal from the wafer fab, some operators at the 75% staff level have a 

utilization of zero. Therefore, the actual staff reduction level will be determined by also 
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removing those operators with zero utilization. Table 6-5 shows the additional operators 

that were removed from the fab based on their zero utilization factors at the 75% staff 

level over the ten replications. If a specific removal number was not an exact integer 

when averaged over the ten replications, it was rounded down so the operator would not 

be removed. This was done as a safeguard to ensure an operator that had a small 

utilization in any of the ten replications was not removed. 

Table 6-5: Number of Idle Operators Removed from the 75% Staff Level. 

WC 
I 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

14 

15 

Operators 
Removed 

2 

11 

0 

0 

0 

0 

0 

1 

0 

0 

0 

1 

1 

1 

1 

WC 
16 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

27 

28 

29 

30 

Operators 
Removed 

0 

0 

0 

0 

2 

0 

0 

2 

1 

3 

0 

0 

0 

1 

0 

WC 
31 

32 

33 

34 

35 

36 

37 

38 

39 

40 

41 

42 

43 

44 

45 

Operators 
Removed 

0 

10 

43 

1 

1 

0 

1 

1 

11 

7 

0 

0 

0 

0 

10 

WC 
46 

47 

48 

49 

50 

51 

52 

53 

54 

55 

56 

57 

58 

59 

60 

Operators 
Removed 

0 

0 

0 

0 

0 

0 

0 

0 

1 

0 

0 

0 

0 

0 

1 

Removing the idle operators that remained at the staff level of 75% chose the final 

percent staff level. This results in an additional removal of 114 operators for an overall 
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staff reduction of 209 operators and a staff level of 45.14%. However, it must be kept in 

mind that this analysis is based on the production of three products. If this product mix 

changes, then the analysis may not, and probably is not, valid. 

6.3 Interaction Analysis 

Once the appropriate staff level was determined, further tests were conducted in 

order to determine specific interaction effects with the reduction of labor. Specifically, 

labor reduction was examined with the following additional aspects, chostn a priori, of 

the semiconductor production process: 

1. Release rates (RR): 72, 144, 192. 

2. Queue disciplines (QD): FCFS, LCFS, Priority based on SOP remaining. 

3. Lot size (LS): 12, 24, and 36. 

Each of the above aspects was tested independently with a reduction in staff level, 

using the same percentages as discussed eariier. The interaction effect of the reduction of 

labor with lot size, release rate, and queue discipline with respect to the responses of 

average WIP inventory, average product cycle times, and average yearly product 

throughput was examined. Of interest to note is that the bottleneck work center changed 

location based upon which level of the specific performance measure was being 

evaluated. For instance, when executing the simulation for a lot size of 12 at a 100% 

staff level, the bottleneck location was at work center number 43. However, for a lot size 

of 36 at a 100% staff level, the bottieneck location was at work center number 40. In 

fact, for the lot size of 36, work center number 43 (the bottleneck for the run of lot size of 
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12), was the twenty-seventh most idle work center of all sixty work centers for that run. 

Therefore, the use of a single reduction matrix without regard to the individual work 

center's average time in queue would result in an operator being removed from the 

bottleneck work center. Of course, taking an operator out of the most busy work center 

in the fabrication area would not occur in the true system. Therefore, the simulation runs 

were executed by removing workers from the most idle work center for each separate 

staff level. A new operator matrix was produced for each staff level percentage under the 

three levels of lot size, the three levels of release rate, and the three levels of queue 

discipline. It is important to note that the bottleneck work center was determined to be 

the work center that had the smallest wait time in queue. ANOVA tests were constructed 

that tested the following general hypotheses of interest: 

A. Ho: There is no interaction between lot size and staff reduction levels on the 

performance measure response of the WIP inventory level. 

Ha: There is an interaction between lot size and staff reduction levels on the 

performance measure response of the WIP inventory level. 

B. Ho: There is no interaction between release rate and staff reduction levels on 

the performance measure response of the WIP inventory level. 

Ha: There is an interaction between release rate and staff reduction levels on 

the performance measure response of the WIP inventory level. 

C. Ho: There is no interaction between queue discipline and staff reduction levels 

on the performance measure response of the WIP inventory level. 
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Ha: There is an interaction between queue discipline and staff reduction levels 

on the performance measure response of the WIP inventory level. 

These three hypotheses were tested for each of the three performance measures of 

interest. This resulted in nine separate ANOVA tests, three under each hypothesis. A 

mixed model was used in the analysis of all nine hypotheses and consisted of four factors. 

The three factors common to all models were the factors of staff level (ten levels), 

product type (three levels) and replication (ten levels). The fourth factor changed 

depending upon which hypothesis was being evaluated. For the three tests regarding 

hypothesis A, the fourth factor was lot size (consisting of three factors). For the three 

tests regarding hypothesis B, the fourth factor was release rate (consisting of three 

factors). And, for the three tests regarding hypothesis C, the fourth factor was queue 

discipline (consisting of three factors). Therefore, 900 observations were analyzed in 

each of the nine hypothesis tests. The factors of staff level, lot size (or release rate or 

queue discipline) and product type were treated as fixed effect factors, however the factor 

of replication was treated as a random effect factor since the covariance structure of this 

factor may be of interest (as opposed to the mean structure). The analysis was performed 

in S AS and the results of these tests are now discussed. For the sake of the analysis 

presented in this dissertation, the statistical analysis will consist of examining each three-

way interaction effect and then examining each two-way interaction effect. Therefore, 

each performance measure will be analyzed beginning with the performance measure of 

average WIP inventory. This analysis will be followed by the analysis of the 

performance measure of average product cycle time. Finally, analyzing the interaction 
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effects with respect to the average yeariy product throughput performance measure will 

complete the analysis. 

6.3.1 Three-Way Interaction Analysis for WIP Inventory 

The first three hypotheses tested were with regards to the effect of labor reduction on 

the specific performance measure on average WIP inventory. The hypotheses are: 

1. HQ: There is no interaction between lot size and staff reduction levels on the 

performance measure response of the average WIP inventory level. 

Ha: There is an interaction between lot size and staff reduction levels on the 

performance measure response of the average WIP inventory level. 

2. Ho: There is no interaction between release rate and staff reduction levels on 

the performance measure response of the average WIP inventory level. 

Ha: There is an interaction between release rate and staff reduction levels on 

the performance measure response of the average WIP inventory level. 

3. Ho: There is no interaction between queue discipline and staff reduction levels 

on the performance measure response of the average WIP inventory level. 

Ha: There is an interaction between queue discipline and staff reduction levels 

on the performance measure response of the average WIP inventory level. 

Tables 6-6, 6-7 and 6-8 show the three-way interaction effects for the 

performance measure of average WIP inventory for the manufacturing aspects of lot size, 

release rate, and queue discipline, respectively. 
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Table 6-6: Three-Way ANOVA Results for WIP Inventory on LS Aspect 
Source Degrees of Freedom F-Statistic P-Value 

Staff* Rep*Product 162 .7966 .9487 

LS* Rep* Product 36 .7395 .8638 

Staff *LS*Rep 162 10.0921 .0001 

Staff*LS*Product 36 3411 .0001 

Table 6-7: Three-Way 
Source 

Staff* Rep* Product 

RR*Rep*Product 

Staff*RR*Rep 

Staff* RR*Product 

ANOVA Results for WIP 
Degrees of Freedom 

162 

36 

162 

36 

Inventory on 
F-Statistic 

.7957 

1.2683 

3.8155 

10,461 

RR Aspect. 
P-Value 

.9495 

.1465 

.0001 

.0001 

Table 6-8: Three-Way 
Source 

Staff*Rep*Product 

QD*Rep*Product 

Staff*QD*Rep 

Staff*QD*Product 

ANOVA Results for WIP 
Degrees of Freedom 

162 

36 

162 

36 

Inventory on 
F-Statistic 

1.0852 

1.0325 

.2874 

203.7936 

QD Aspect 
P-Value 

.2682 

.4225 

1.0000 

.0001 

This result raised some curiosity as it was not expected that the three-way 

interaction effects would be significant. In examining this result, three-way interaction 

plots were constructed in order to see the relationship (or interaction) of the three factors 

of interest staff*LS*replication. The product factor was placed in the analysis in order to 

help explain some of the variability; however, this factor and all its interactions will not 

be analyzed since it is not of interest in this study. According to the plots, the underlying 
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functional relationship of the three-way interaction of staff*LS*replication is the same 

within all ten replications. The plots of the three way interaction of Staff*LS*Rep with 

respect to average WIP inventory can be found in Figures B-l 1 through B-20 of 

Appendix B to visually verify that the functional relationship is essentially the same 

within all ten replications. Also, the standard error is small (by at least a magnitude of 

two) in comparison to the mean square for the interaction effect of interest. The large 

number of degrees of freedom coupled with the small standard error causes significance 

to occur, even if no practical significance exists. This is the phenomenon seen occurring 

in the statistical significance of these three-way interaction effects. 

6.3.2 Two-Way Interaction Analysis for WIP Inventory 

Since the three-way interaction effects can be explained and since they cause no 

practical significance in the analysis, the two-way interaction effects can then be 

examined. The primary two-way interaction effect of interest is the LS*staff interaction. 

Even though data was collected and analysis was performed on the other two-way 

interactions, they will not be analyzed in this dissertation because they were not the 

primary interest of study. They were included in the ANOVA model to account for 

certain variability seen in the data. It is important to note, however, that all two-way 

interaction effects with the replication factor are all insignificant at an alpha level of .05. 

Beginning with the ANOVA results of the two-way interaction effect of 

factor*staff, where factor is a member of the set (lot size, release rate, queue discipline}, 

on the performance measure response of average WIP inventory it is clear that the null 
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hypothesis must be rejected at an alpha level of .05. As a reminder, the first hypothesis 

tested in this analysis was: 

I. Ho: There is no interaction between lot size and staff reduction levels on the 

performance measure response of average WIP inventory. 

Ha: There is an interaction between lot size and staff reduction levels on the 

performance measure response of average WIP inventory. 

-^ The results of the ANOVA test and the interaction plot of LS*staff can be seen in 

Table 6-9 and Figure 6-4 for the performance measure response of average WIP 

inventory. 

Table 6-9: Two-Way 
Inventory. 

Source 

Rep* Product 

Rep*Staff 

Staff*Product 

Rep*LS 

LS*Product 

Staff*LS 

Interaction Results on 

Degrees of Freedom 

18 

81 

18 

18 

4 

18 

LS Aspect with Respect to 

F-Statistic 

2.0756 

1.0703 

4,441 

1.2485 

1,392,236 

21,496 

Average WIP 

P-Value 

.0925 

.3556 

.0001 

.2306 

.0001 

.0001 
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Interaction of LS and Operator Reduction on WIP 
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Figure 6-4: Interaction of LS and Operator Reduction on Average WIP Inventory 

For the significant interaction effect of LS*staff, a p-value of 0.0001, it is clear 

that there is an overall interaction effect. However, no statistical difference seems to 

exist between the lot sizes of twelve and twenty-four up to the staff level of 75%. After 

the 75% staff level, the lot sizes of twelve and twenty-four become statistically different 

because of the changes in the average WIP inventory at the lot size of twenty-four. The 

lot size of thirty-six is statistically different from both lot sizes of twelve and twenty-four 

for all staff levels. Multiple comparison tests were performed in order to corroborate this 

analysis. A Bonferonni adjustment of alpha was used for the multiple comparison tests 

that were performed on each level of lot size by staff level. The full statistical output 

may being found in Table C-1 of Appendix C. 

The analysis implies that at a lot size of twenty-four, the staff reduction along 

with the level of lot size does effect the average WIP inventory. In particular, the lot size 
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of twenty-four has a larger average WIP than the lot size of twelve, with the lot size of 

thirty-six having the largest average WIP of all. This can be explained by the fact that 

using larger lot sizes results in more wafers being present in the system. As the staff 

level is reduced and as the lot size gets larger, the larger lots of wafers will spend more 

time in the system (due to the smaller availability of operators) and thus will increase the 

average work in process level. 

It is also clear that at a lot size of twelve and thirty-six, there are only minor 

fluctuations in the average WIP inventory. These minor fluctuations are attributable to 

the inherent variations in the random number seeds. However, the reason why the 

reduction of staff levels on these two levels of lot size seems to have no effect on the 

average WIP inventory but does have an effect for the lot size of 24 must be explained. 

This phenomenon can best be explained by two factors; the number of lots in the system 

as the lot size decreases and the modal load capacity of the bottleneck work center. For 

instance, if 144 wafers must be produced and lot sizes of 12 are being used, then twelve 

lots will be placed in the system. If a lot size of 36 is used, then four lots will be placed 

in the system. The more lots that exist in the system, the busier the operators will be. In 

addition, for the lot size of twelve, work center 43 creates the bottleneck for all staff 

levels. The load capacity for all the machines in this work center is 24 wafers. 

Therefore, two lots of wafers may be batched and ran at the same time, reducing the time 

these lots spend in the system and, therefore, reducing the average WIP inventory. The 

same holds for the lot size of 36, except that work center 40 creates the bottieneck for all 

staff levels. The modal machine load capacity for work center 40 is 48 wafers per load. 
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Therefore, only one lot of wafers may be run at one time and the other lot will have to 

remain in the queue. This will increase the average WIP inventory level as these 36 

wafers must now wait in queue as one lot. However, for the lot size of twenty-four, work 

center 40 creates the bottleneck at staff levels of 100% to 75%, but work center 43 

creates the bottleneck from staff levels of 70% to 50%. In this case, two lots are able to 

be ran at one time up to the 75% staff level, but then only one may be run from the 70% 

staff level to the 50% staff level. This is due to the change in the bottleneck work center 

from work center 40 to work center 43 (with load capacities of 48 and 24, respectively). 

This explains why we see the staff reduction effect on average WIP inventory with the lot 

size of 24 only. 

Finally, it is important to note why the bottieneck work center changes with 

respect to the lot size of 24. This is because with this lot size, the machines are the 

bottleneck in work center 40 up to the 75% staff level. But, as more operators are 

removed, it is clear that the operators are the bottieneck in work center 43. This change 

in utilization factors causes the "shift" in bottieneck work centers. Table 6-10 shows the 

utilization factors in each of the bottleneck work centers for all lot sizes under staff levels 

of 100%, 90%, 70%, and 50% as well as shows the modal machine load capacity in each 

work center. The other staff levels are not necessary since the bottleneck work center 

must consist of a work center already present in the table. 
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Table 6-10: Work Center and Operator Utilization Comparison. 
Staff Lot Bottleneck Load Capacity of Operator 

Level (%) Size Work Center Bottleneck WC Utilization 
Machine 

Utilization 
100 

90 

70 

50 

100 

90 

70 

50 

100 

90 

70 

50 

12 

12 

12 

12 

24 

24 

24 

24 

36 

36 

36 

36 

43 

43 

43 

43 

40 

40 

43 

43 

40 

40 

40 

40 

24 

24 

24 

24 

48 

48 

24 

24 

48 

48 

48 

48 

.4923 

-4190 

.4944 

.4920 

.1767 

.1764 

.9422 

.9426 

.0979 

.1303 

.0977 

.1151 

.80017 

.79906 

.80140 

.79917 

.88036 

.88063 

.54094 

.54036 

.91237 

.91150 

.91330 

.91130 

As can be seen, the machines create the bottieneck in lot sizes of twelve and 

thirty-six, however, the operators (with utilization of over 94%) create the bottleneck in 

the staff levels of 70% and below for the lot size of twenty-four. This is due to the batch 

technique, the modal machine load capacity within each bottieneck work center, and the 

number of lots present in the system under each lot size. 

In continuing with the analysis on WIP inventory, the interaction of RR*staff on 

WIP inventory is examined. According to the ANOVA test, the interaction of RR*staff 

on the performance measure response of average WIP inventory is significant. The 

ANOVA test shows a P-value of 0.0001, which is cleariy significant at an alpha of .05. 

As a reminder, hypothesis #2 is listed below. 

109 



2. Ho: There is no interaction between release rate and staff reduction levels on 

the performance measure response of average WIP inventory. 

Ha: There is an interaction between release rate and staff reduction levels on 

the performance measure response of average WIP inventory. 

Table 6-11 shows the ANOVA output and Figure 6-5 shows the interaction plot 

of the two-way interaction of RR*staff with respect to average WIP inventory. 

Table 6-11: Two-Way Interaction Results on RR Aspect with Respect to Average WIP 
Inventory. 

Source 

Rep* Product 

Rep*Staff 

Staff*Product 

Rep*RR 

RR*Product 

Staff*RR 

Degrees of Freedom 

18 

81 

18 

18 

4 

18 

F-Statistic 

1.4020 

1.0442 

42,138 

1.5429 

108,102 

58,674 

P-Value 

.2240 

.4076 

.0001 

.0867 

.0001 

.0001 
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Interaction of Release Rate and Operator Reduction on WIP 
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Figure 6-5: Interaction of RR and Operator Reduction on Average WIP Inventory. 

It is clear that at lower staff levels the average WIP inventory for the release rates 

of 144 and 192 is sharply larger (specifically after the 75% staff level). It appears, 

therefore, that as the release rate increases, the effect of the reduction of staff level 

decreases with respect to those release rates that have a significant change. Clearly, the 

magnitude in average WIP inventory increase is smaller with the release rate of 192 than 

it is with the release rate of 144. 

Further, as seen in the multiple comparison tests that were performed on the 

average WIP inventory with respect to release rates by staff levels, all release rates are 

significantiy different from each other at each staff level. Again, a Bonferonni 

adjustment of alpha was used for the multiple comparison tests which was performed on 

each level of release rate by staff level. The full statistical output may being found in 

Table C-2 of Appendix C. 
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Therefore, it appears that as the release rate becomes larger, the effect of the 

reduction of staff on the average WIP inventory level becomes smaller. 

Another result seen is that as the release rate gets smaller, the smaller the average 

WIP inventory becomes. This intuitively makes sense because more wafers are waiting 

to be manufactured since more wafers are released into the system. This larger number 

of wafers present in the entire system will drive the average WIP inventory upward, 

giving the pattern seen here. 

It is also clear that at release rate of 72, there are only minor fluctuations in the 

average WIP inventory. These minor fluctuations are attributable to the inherent 

variations in the random number seeds. However, the reason why the reduction of staff 

levels seems to have no effect on the average WIP inventory with respect to the release 

rate of 72 must be explained. This phenomenon can best be explained by the fact that the 

system is not saturated, or running at full capacity, at a release rate of 72 wafers per 

twelve-hour shift. This can best be shown in that almost all wafers that are released to 

the shop floor are produced into throughput after the end of the two-year simulation run. 

Since the statistics are cleared at the end of the first year of the simulation to ensure 

steady state conditions are present, we would expect a year's worth of wafers that are 

released to be turned into throughput at the end of the second year. Releasing 72 wafers 

every twelve hours will result in 72*2*365 = 52,560 wafers. The average throughput for 

each product using a release rate of 72 wafers per twelve-hour shift can be seen in Table 

6-12. 
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Table 6-12: 
Staff 

Level (%) 
100 

90 

85 

80 

75 

70 

65 

60 

55 

50 

Throughput of Release Rate of 72 by Staff Level. 

Product 
DSP 

FLASH 
FMEG 
DSP 

FLASH 
FMEG 
DSP 

FLASH 
FMEG 
DSP 

FLASH 
FMEG 
DSP 

FLASH 
FMEG 
DSP 

FLASH 
FMEG 
DSP 

FLASH 
FMEG 
DSP 

FLASH 
FMEG 
DSP 

FLASH 
FMEG 
DSP 

FLASH 
FMEG 

Total Released 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 
52,560 

Average Total Throughput (over 10 
replications) 

52,579 
52,538 
52,567 
52,574 
52,579 
52,577 
52,562 
52,570 
52,577 
52,541 
52,567 
52,548 
52,574 
52,567 
52,553 
52,550 
52,558 
52,553 
52,548 
52,543 
52,548 
52,562 
52,565 
52,572 
52,562 
52,567 
52,558 
52,555 
52,574 
52,565 

The average product throughput was gathered over ten replications and represents 

the average throughput for the second year of the simulation run. As can be seen, with 

only minor fluctuations in average throughput levels for those lots that may have 

remained in the system at statistical clearing, the total release for each device is almost 

the same as the total throughput for each device. This implies that the system has not yet 
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reached capacity and this is why the average WIP inventory for the release rate of 72 

does not change as the number of workers is reduced to a 50% staff level. 

The final analysis completed on the performance measure of WIP inventory is the 

interaction of QD*staff. According to the ANOVA test, there is a significant interaction 

between queue disciplines and staff levels on the performance measure response of 

average WIP inventory. The ANOVA test shows a P-value of 0.0001, which is cleariy 

significant at the .05 level. As a reminder, hypothesis #3 is listed below. 

3. Ho: There is no interaction between queue discipline and staff reduction levels 

on the performance measure response of the average WIP inventory. 

Ha: There is an interaction between queue discipline and staff reduction levels 

on the performance measure response the average WIP inventory. 

Table 6-13 shows the ANOVA output and Figure 6-6 shows the interaction plot 

of the two-way interaction of QD*staff with respect to average WIP inventory. 

Table 6-13: Two-Way Interaction Results on QD Aspect with Respect to Average WEP 
Inventory. 

Source 

Rep* Product 

Rep*Staff 

Staff*Product 

Rep*QD 

QD*Product 

Staff*QD 

Degrees of Freedom 

18 

81 

18 

18 

4 

18 

F-Statistic 

.9164 

.6565 

734.2178 

1.2613 

44,606 

23,670 

P-Value 

.5667 

.8718 

.0001 

.4833 

.0001 

.0001 
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Interaction of Queue Discipline and Operator Reduction on WIP 
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Figure 6-6: Interaction of QD and Operator Reduction on Average WIP Inventory. 

It is clear that at lower levels of staff the average WIP inventory for the queue 

disciplines of FIFO and SVF is sharply larger. It appears from the plot that average WIP 

inventory is most affected by the queue discipline of FIFO as the staff level is reduced. 

This is followed by a similar increase in average WIP inventory for the queue discipline 

of SVF, however the magnitude of change is a bit smaller. The interaction occurs when 

the average WIP inventory for the queue discipline of FIFO exceeds the average WIP 

inventory for the queue discipline of SVF at staff levels lower than 75%. Prior to this, 

the opposite pattern is seen. This intuitively makes sense because if a queue discipline of 

SVF is used, more products will be converted into throughput if the products that can be 

completed faster are done first. Even if the staff level is decreased, we will get more 

products through using a queue discipline of SVF as opposed to using the queue 

disciplines of FIFO or LIFO. 
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It is further important to note that, statistically, there is no difference between the 

average WIP inventory for all three queue disciplines as the staff level is reduced from 

75% to 50%. Further, the queue discipline of SVF and FIFO are never statistically 

different, no matter which staff level is of concern. The queue disciplines of SVF and 

FIFO are both statistically different from the queue discipline of LIFO at staff levels 

ranging from 100% to 75%, but are not statistically different from each other within this 

same range. Again, a Bonferonni adjustment of alpha was used for the multiple 

comparison tests that were performed on each level of queue discipline by staff level. 

The full statistical output may being found in Table C-3 of Appendix C. 

Finally, average WIP inventory is seemingly not affected by the queue discipline 

of LIFO as the staff level is reduced. This is due to the release pattern of the specific 

devices. As the release of wafers occurs in the shop, all the DSP devices are released 

first, then the FLASH devices, then the FMEG devices. This causes the FMEG devices 

to be run first under the LIFO queue discipline. Since the FMEG device requires a work 

center that the other devices do not and this work center has only a few machines to do 

the processing, this is the bottieneck for the entire process. The FMEG device further 

does not require the same usage for work center 40 that the other two devices require. 

Under the SVF and FIFO queue disciplines, work center 40 is the bottieneck since it is 

required heavily by both. However, because of the different requirements for the FMEG 

device and because it is ran first under the LIFO queue discipline, work center 19 is the 

bottleneck for the LIFO queue discipline. This bottleneck causes further delays 

downstream in the processing and, therefore, results in more devices in the entire system. 
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This causes large WIP inventory for all staff levels for the queue discipline of LIFO as 

seen in the Figure 6-6. Therefore, the method of material release seems to play an 

important factor for controlling WIP inventory. To demonstrate this point. Table 6-14 

shows the usage (number of reentrant flows) of the three work centers of interest for the 

three specific products. 

Table 6-14: Bottleneck Work Center Usage with Reentrant Flows. 

WC 

19 

40 

43 

Number of Reentrant Flows 

DSP 

4 

20 

9 

FLASH 

5 

28 

11 

FMEG 

5 

7 

10 

Queue Discipline 

LIFO 

SVF and FIFO from 100% to 75% 

SVF and FIFO form 70% to 50% 

On a final note, more for validation then for analysis, it is seen that as the staff 

level is reduced, average WIP inventory eventually increases with respect to queue 

discipline factors. This intuitively makes sense because, while all other factors remain 

unchanged, we would eventually expect to see an increase in average WIP inventory as 

the staff level is reduced. As seen, this phenomenon occurs here as well for the queue 

disciplines of FIFO and SVF. The queue discipline of LIFO, even though does not 

change as staff level is reduced, elicits an average WIP level similar to a reduction in 

staff level from the onset (when compared to FIFO and SVF). 

6.3.3 Three-Way Interaction Analysis for Cycle Time 

The ANOVA model used is similar to the ANOVA model used in section 6.3. 

The response for the model is the average product cycle time, which is analyzed with four 
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factors. The factors of product (3 levels), staff level (ten levels), and lot size (3 levels) 

are fixed effect factors while the factor of replication (10 levels) is a random effects 

factor. Again, the mean structure of the replication factor is not of interest, the 

covariance structure needs to be examined to ensure all replication were statistically 

random. This basic model is used for all three hypothesis tests in this section, with the 

exception that the fifth hypothesis has a fixed factor of release rate (as opposed to lot 

size) and the sixth hypothesis has a fixed factor of queue discipline (as opposed to lot 

size). Hypotheses 4, 5, and 6 are summarized below. 

4. Ho: There is no interaction between lot size and staff reduction levels on the 

performance measure response of average product cycle times. 

Ha: There is an interaction between lot size and staff reduction levels on the 

performance measure response of average product cycle times. 

5. Ho: There is no interaction between release rate and staff reduction levels on 

the performance measure response of average product cycle times. 

Ha: There is an interaction between release rate and staff reduction levels on 

the performance measure response of average product cycle times. 

6. HQ: There is no interaction between queue discipline and staff reduction levels 

on the performance measure response of average product cycle times. 

Ha: There is an interaction between queue discipline and staff reduction levels 

on the performance measure response of average product cycle times. 
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Tables 6-15, 6-16 and 6-17 show the three-way interaction effects for the 

performance measure of cycle time for the manufacturing aspects of lot size, release rate, 

and queue discipline, respectively. 

Table 6-15: Three-Way ANOVA Results for Cycl( 
Source 

Staff*Rep*Product 

LS*Rep*Product 

Staff*LS*Rep 

Staff *LS*Product 

Degrees of Freedom 

162 

36 

162 

36 

I Time on LS 
F-Statistic 

1.0064 

1.0394 

1.8536 

392.1104 

Aspect. 
P-Value 

.4754 

.4120 

.0001 

.0001 

Table 6-16: Three-Way ANOVA Results for 
Source 

Staff*Rep*Product 

RR*Rep*Product 

Staff* RR*Rep 

Staff* RR*Product 

Degrees of Freedom 

162 

36 

162 

36 

Cycle Time on RR 
F-Statistic 

1.0830 

.9340 

2.1839 

3,137 

Aspect. 
P-Value 

.2732 

.5812 

.0001 

.0001 

Table 6-17: Three-Way ANOVA Results for Cycle Time on QD Aspect. 
Source Degrees of Freedom F-Statistic P-Value 

Staff *Rep*Product 162 .9346 .6842 

QD*Rep*Product 36 .8315 .7443 

Staff *QD*Rep 162 1.4682 .0019 

Staff*QD*Product 36 968.796 .0001 

Again, we see significant three-way interactions. However, as explained in 

section 6.3.1, the small standard error and the similar functional relationship explain the 

significance of these three-way effects. 
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6.3.4 Two-Way Interaction Analysis for Cycle Time 

The next interactions that will be examined are those that correspond to the 

performance measure response of cycle time. Thus, the interactions of LS*staff, 

RR*staff, and QD*staff with respect to the response of average product cycle time will 

be examined. 

Beginning with the ANOVA results of the two-way interaction effect of LS*staff 

it is clear that the null hypothesis must be rejected at an alpha level of .05. As a 

reminder, the fourth hypothesis tested is listed below. 

4. Ho: There is no interaction between lot size and staff reduction levels on the 

performance measure response of average product cycle times. 

Ha: There is an interaction between lot size and staff reduction levels on the 

performance measure response of average product cycle times. 

Table 6-18 shows the results of the ANOVA test and Figure 6-7 shows the 

interaction plot of LS*staff for the performance measure response of average product 

cycle time. 

Table 6-18: Two-Way Interaction Results on LS Aspect with Respect to Average Cycle 
Time. 

Source 

Rep*Product 

Rep*Staff 

Staff*Product 

Rep*LS 

LS*Product 

Staff*LS 

Degrees of Freedom 

18 

81 

18 

18 

4 

18 

F-Statistic 

1.1776 

1.4823 

420.5618 

1.3937 

117,248 

12,869 

P-Value 

.3407 

.0266 

.0001 

.1647 

.0001 

.0001 
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Interaction of LS and Operator Reduction on Cycle Time 
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Figure 6-7: Interaction of LS and Operator Reduction on Average Cycle Time. 

For the significant interaction effect of LS*staff (a p-value of 0.0001), it is clear 

that there is no statistical difference between the lot sizes of twelve and twenty-four up to 

the staff level of 75%. After the 75% staff level, the lot sizes of twelve and twenty-four 

become statistically different because of the increase in the average cycle times at the lot 

size of twenty-four. The lot size of thirty-six is statistically different from both lot sizes 

of twelve and twenty-four for all staff levels. Multiple comparison tests were performed 

in order to corroborate this analysis. A Bonferonni adjustment of alpha was used for the 

multiple comparison tests that were performed on each level of lot size by staff level with 

respect the response of average product cycle time. The full statistical output may being 

found in Table C-4 of Appendix C. 

The analysis implies that at a lot size of twenty-four, the staff reduction along 

with the level of lot size does effect the average product cycle time. In particular, the lot 
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size of twenty-four has a larger average cycle time than the lot size of twelve, with the lot 

size of thirty-six having the largest average cycle time of all. This can be explained by 

the fact that using larger lot sizes results in more wafers being present in the system. As 

the staff level is reduced and as the lot size gets larger, the larger lots of wafers will spend 

more time in the system (due to the smaller availability of operators) and thus will 

increase the average time a product spends in the system (cycle time). This is a similar 

analysis as discussed for the LS*staff interaction on the performance measure of average 

WIP inventory. 

It is also clear that at a lot size of twelve and thirty-six, there are only minor 

fluctuations in the average product cycle time. These minor fluctuations are attributable 

to the inherent variations in the random number seeds. However, the reason why the 

reduction of staff levels on these two levels of lot size seems to have no effect on the 

average cycle time must be explained. This phenomenon can be described similarly to 

the explanation given in section 6.3.2 for the effect of LS*staff on the performance 

measure of average WIP inventory. The machines create the bottieneck in lot sizes of 

twelve and thirty-six, however, the operators create the bottleneck in the staff levels of 

70% and below for the lot size of twenty-four. This is due to the batch technique, the 

modal machine load capacity within each bottleneck work center, and the number of lots 

present in the system under each lot size. Therefore, for the lot sizes of twelve and thirty-

six, the bottieneck work center remains the same for all staff levels (work center 43 and 

work center 40, respectively). The machines create the bottleneck for lot sizes of twelve 

and thirty-six as opposed to the operators. This causes no change in the average product 
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cycle time for all staff levels tested for lot sizes of twelve and thirty-six and explains the 

increase in cycle time as staff levels are reduced for a lot size of 24. 

In continuing with the analysis on average product cycle time, the interaction of 

RR*staff on average product cycle time is examined. According to the ANOVA test, 

there is a significant interaction between release rate and staff level on the performance 

measure response of average product cycle time. The ANOVA test shows a P-value of 

0.0001, which is cleariy significant at the .05 level. As a reminder, the fifth hypothesis 

that was tested is listed below. 

5. Ho: There is no interaction between release rate and staff reduction levels on 

the performance measure response of average product cycle time. 

Ha: There is an interaction between release rate and staff reduction levels on 

the performance measure response of average product cycle time. 

Table 6-19 shows the ANOVA output and Figure 6-8 shows the interaction plot 

of the two-way interaction of RR*staff with respect to the average product cycle time. 

Table 6-19: Two-Way Interaction Results on RR Aspect with Respect to Average Cycle 
Time. 

Source 

Rep* Product 

Rep*Staff 

Staff*Product 

Rep*RR 

RR*Product 

Staff*RR 

Degrees . of Freedom 

18 

81 

18 

18 

4 

18 

F-Statistic 

1.5503 

.9162 

10,650 

1.2983 

43,385 

44,195 

P-Value 

.1404 

.6623 

.0001 

.2122 

.0001 

.0001 
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Interaction of Release Rate and Operator Reduction on Cycle Time 
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Figure 6-8: Interaction of RR and Operator Reduction on Average Cycle Time. 

If this output is to be compared to the output seen when the interaction of 

LS*staff with respect to the performance measure of average WIP inventory level was 

examined, it is clear that the performance measure of cycle time exhibits a very similar 

pattern (section 6.3.2). At lower levels of staffing the average product cycle time for the 

release rates of 144 and 192 is sharply larger (specifically after the 75% staff level). It 

appears, therefore, that as the release rate increases, the effect of the reduction of staff 

level decreases with respect to those release rates that have a significant change. Clearly, 

the magnitude in the increase of the average product cycle time is smaller with the release 

rate of 192 than it is with the release rate of 144. 

Further, as seen in the multiple comparison tests that were performed on the 

average product cycle time with respect to release rates by staff levels, all release rates 

are significantly different from each other at each staff level. Again, a Bonferonni 
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adjustment of alpha was used for the multiple comparison tests that were performed on 

each level of release rate by staff level. The full statistical output may being found in 

Table C-5 of Appendix C. According to the analysis, it appears that as the release rate 

becomes larger, the effect of the reduction of staff on the average product cycle time 

becomes smaller. 

Another result seen is that as the release rate gets smaller, the smaller the average 

product cycle time becomes. This intuitively makes sense because the more wafers that 

are released into the system, the longer the wait will be for these wafers to be 

manufactured. The larger number of wafers present in the entire system will drive the 

product cycle time upward, giving the pattern seen here. 

As seen previously in the analysis of LS*staff for the performance measure of 

average WIP inventory (hypothesis 2), the system is a capacity when the release rate is at 

144 wafers and higher. Therefore, a release rate of 72 exhibits only minor fluctuations in 

the average product cycle times and does not change as the staff level is reduced from 

100% to 50%. 

The final analysis completed on the performance measure of product cycle time is 

the interaction of QD*staff. According to the ANOVA test, there is a significant 

interaction between queue disciplines and staff levels on the performance measure 

response of average product cycle time. The ANOVA test shows a P-value of 0.0001, 

which is cleariy significant at the .05 level. As a reminder, the sixth hypothesis that was 

tested is listed below. 
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6. Ho: There is no interaction between queue discipline and staff reduction levels 

on the performance measure response of average product cycle time. 

Ha: There is an interaction between queue discipline and staff reduction levels 

on the performance measure response of the average product cycle time. 

Table 6-20 shows the ANOVA results and Figure 6-9 shows the interaction plot 

of the two-way interaction of QD*staff with respect to the average product cycle time. 

Table 6-20: Two-Way Interaction Results on QD Aspect with Respect to Average Cycle 
Time. 

Source 

Rep* Product 

Rep*Staff 

Staff* Product 

Rep*QD 

QD*Product 

Staff*QD 

Degrees of Freedom 

18 

81 

18 

18 

4 

18 

F-Statistic 

1.3988 

1.1766 

3,809 

1.5701 

41,059 

21,911 

P-Value 

.2281 

.2255 

.0001 

.1080 

.0001 

.0001 
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Interaction of Queue Discipline and Operation Reduction on Cycle Time 
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Figure 6-9: Interaction of QD and Operator Reduction on Average Cycle Time. 

It is clear that at lower levels of staffing the average product cycle time for the 

queue disciplines of FIFO and SVF is sharply larger. It appears from the plot that the 

average product cycle time is most affected by the queue discipline of FIFO as the staff 

level is reduced. This is followed by a similar increase in average product cycle time for 

the queue discipline of SVF; however, the magnitude of change is a bit smaller. The 

interaction occurs when then the average product cycle time for the queue discipline of 

FIFO exceeds the average product cycle time for the queue discipline of SVF at staff 

levels lower than 75%. Prior to this, the opposite pattern is seen. This intuitively makes 

sense because if a queue discipline of SVF is used, more products will be converted into 

throughput if the products that can be completed faster are done first. Even if the staff 

level is decreased, we will get more products through using a queue discipline of SVF as 

opposed to using the queue discipline of FIFO. This results in smaller average product 
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cycle times and is similar to the result seen when lot sizes were compare to queue 

disciplines under the performance measure response of average WIP inventory 

(hypothesis 3). It is at this point, from the 75% staff level and below, that the operators 

are the bottlenecks in the system, not the machines. 

However, a strange phenomenon again occurred in the LIFO queue discipline. It 

performed the best of all queue disciplines for all staff levels. In fact, the average product 

cycle time is significantly lower for the queue discipline of LIFO at all staff levels when 

compared to the other queue disciplines examined. This phenomenon can be explained 

by the fact that using a queue discipline of LIFO will enable the last device in the queue 

to be processed first. In this case, this device is the device that has spent the least amount 

of time in the queue. Therefore, the devices that are produced into throughput are all 

those that spent the smallest amount of time in any queue. This will obviously reduce 

cycle times. However, as noted above, this reduction in cycle time brings with it a large 

increase in WIP inventory and a large decrease in throughput. Therefore, the queue 

discipline of LIFO may not want to be the queue discipline of choice, especially if a large 

demand needs to be filled or if WIP inventory is to be minimal. Remember, in a 

semiconductor wafer fabrication environment, devices that spend a lot of time in the 

system will tend to have a larger chance of contamination. This of course, will decrease 

the yield of the system. In certain work center queues, it would not be infeasible that 

certain lots of wafers are never processed, especially the lots that are first in queue at the 

bottleneck work center. Table 6-21 (for a staff level of 100%) is presented to 

demonstrate this point. 
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Table 6-21: 
Queue 

Discipline 

FIFO 

SVF 

LIFO 

Queue Discipl 

Product 

DSP 

FLASH 

FMEG 

aggregate 

DSP 

FLASH 

FMEG 

aggregate 

DSP 

FLASH 

FMEG 

aggregate 

ine Comparison by 
Average Product 

Cycle Time 

2,541 

3,356 

1,220 

2,372 

3,818 

3,879 

420 

2,706 

510 

595 

546 

550 

Product. 
Average Product 

Throughput 

87,341 

80,993 

98,215 

88,850 

75,185 

74,880 

105,103 

85,056 

74,030 

50,143 

36,257 

53,477 

Average WIP 

Inventory Level 

30,575 

40,397 

14,677 

28,550 

48,126 

48,902 

5,040 

34,023 

49,838 

85,202 

103,670 

79,570 

It is further important to note that the queue discipline of SVF and FIFO are not 

statistically different within the range of a 100% staff level to a 75% staff level, but are 

statistically different with the staff level ranges of 70% to 50%. This pattern is also part 

of the significant interaction that is detected in the ANOVA test above. The queue 

disciplines of SVF and FIFO are both statistically different from the queue discipline of 

LIFO at all staff levels ranging from 100% to 50%. Again, a Bonferonni adjustment of 

alpha was used for the multiple comparison tests that were performed on each level of 

queue discipline by staff level. The full statistical output may being found in Table C-6 

of Appendix C. 
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Finally, the average product cycle time is seemingly not affected by the queue 

discipline of LIFO as the staff level is reduced. This can be explained by the method of 

material release to the shop floor. The FMEG devices were the last to be released during 

the release period that occurs every twelve hours. Using a queue discipline of LIFO 

would allow these devices to be produced flrst. Since the FMEG devices require a 

significant number of more operations (re-entrant flows) on certain work centers than the 

other two devices, they elicit cycle times that are consistentiy the same for all staff levels. 

We saw a similar phenomenon occur in the analysis of hypothesis 3. 

On a final note, more for validation than for analysis, it is seen that as the staff 

level is reduced, the average product cycle time eventually increases with respect to 

queue discipline factors. This intuitively makes sense because, while all other factors 

remain unchanged, we would eventually expect to see an increase in average cycle times 

as the staff level is decreased. This phenomenon occurs here for the queue disciplines of 

FIFO and SVF. It does not occur for the queue discipline of LIFO as explained prior. 

6.3.5 Three-Way Interaction Analysis for Throughput 

The ANOVA model used is similar to the ANOVA model used in section 6.3.1 

and 6.3.3. The response for the model is the average yeariy product throughput, which is 

analyzed with four factors. The factors of product (3 levels), staff level (ten levels), and 

lot size (3 levels) are fixed effect factors while the factor of replication (10 levels) is a 

random effects factor. Again, the mean structure of the replication factor is not of 

interest, but we do want to look at its covariance structure to ensure all replication were 
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statistically random. This basic model is used for all three hypothesis tests in this section, 

with the exception that the eighth hypothesis has a fixed factor of release rate (as opposed 

to lot size) and the ninth hypothesis has a fixed factor of queue discipline (as opposed to 

lot size). Hypotheses 7, 8, and 9 are summarized below. 

7. Ho: There is no interaction between lot size and staff reduction levels on the 

performance measure response of average yearly product throughput. 

Ha: There is an interaction between lot size and staff reduction levels on the 

performance measure response of average yearly product throughput. 

8. HQ: There is no interaction between release rate and staff reduction levels on 

the performance measure response of average yearly product throughput. 

Ha: There is an interaction between release rate and staff reduction levels on 

the performance measure response of average yearly product throughput. 

9. Ho: There is no interaction between queue discipline and staff reduction levels 

on the performance measure response of average yearly product throughput. 

Ha: There is an interaction between queue discipline and staff reduction levels 

on the performance measure response of average yearly product throughput. 

Tables 6-22, 6-23 and 6-24 show the three-way interaction effects for the 

performance measure of throughput for the manufacturing aspects of lot size, release rate, 

and queue discipline, respectively. 
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Table 6-22: Three-Way ANOVA Results for Throughput on LS Aspect. 
Source Degrees of Freedom F-Statistic P-Value 

Staff *Rep*Product 162 .9832 .5436 

LS*Rep*Product 36 .8442 .7252 

Staff*LS*Rep 162 2.2209 .0001 

Staff *LS*Product 36 313.66 .0001 

Table 6-23: Three-Way ANOVA Results for Throughput on RR 
Source 

Staff*Rep*Product 

RR*Rep*Product 

Staff* RR*Rep 

Staff* RR*Product 

Degrees of Freedom 

162 

36 

162 

36 

F-Statistic 

1.1825 

.7770 

1.0808 

953.54 

Aspect. 
P-Value 

.1044 

.8194 

.2783 

.0001 

Table 6-24: Three-Way ANOVA Results for Throughput on QD Aspect 
Source 

Staff*Rep*Product 

QD*Rep*Product 

Staff*QD*Rep 

Staff*QD*Product 

Degrees of Freedom 

162 

36 

162 

36 

F-Statistic 

.9814 

1.1761 

.3098 

90.65 

P-Value 

.5488 

.2321 

1.0000 

.0001 

Once again, we see significant three-way interactions. However, as explained in 

section 6.3.1 and section 6.3.3, the small standard error and the similar functional 

relationship explain the significance of these three-way effects. 
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6.3.6 Two-Way Interaction Analysis for Throughput 

The next interactions that will be examined are those that correspond to the 

performance measure response of average yeariy product throughput. Thus, the 

interactions of LS*staff, RR*staff, and QD*staff with respect to the response of average 

yearly product throughput will be examined. 

The ANOVA model used is similar to the ANOVA model used in sections 6.3.2 

and 6.3.4. The response for the model is the average yearly product throughput, which is 

analyzed with four factors. The factors of product (3 levels), staff level (ten levels), and 

lot size (3 levels) are fixed effect factors while the factor of replication (10 levels) is a 

random effects factor. Again, the mean structure of the replication factor is not of 

interest, but we do want to look at its covariance structure to ensure all replication were 

statistically random. This basic model is used for all three hypothesis tests in this section, 

with the exception that the eighth hypothesis has a fixed factor of release rate (as opposed 

to lot size) and the ninth hypothesis has a fixed factor of queue discipline (as opposed to 

lot size). 

Beginning with the ANOVA results of the two-way interaction effect of LS*staff, 

it is clear that the null hypothesis must be rejected at an alpha level of .05. As a 

reminder, the hypothesis tested in this analysis was: 

7. Ho: There is no interaction between lot size and staff reduction levels on the 

performance measure response of average yeariy product throughput. 

Ha: There is an interaction between lot size and staff reduction levels on the 

performance measure response of average yearly product throughput. 
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Table 6-25 shows the results of the ANOVA test and Figure 6-10 shows the 

interaction plot of LS*staff for the performance measure response of average yeariy 

product throughput. 

Table 6-25: Two Way Interaction Results on LS Aspect with Respect to Average 
Throughput. 

Source 

Rep*Product 

Rep*Staff 

Staff*Product 

Rep*LS 

LS*Product 

Staff*LS 

Degrees of Freedom 

18 

81 

18 

18 

4 

18 

F-Statistic 

1.0844 

.9844 

327.5379 

1.0928 

112,690 

8,990 

P-Value 

.4200 

.5254 

.0001 

.3748 

.0001 

.0001 
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Figure 6-10: Interaction of LS and Operator Reduction on Average Throughput. 

For the significant interaction effect of LS*staff, a p-value of 0.0001, it is clear 

that there is an overall interaction effect. However, no statistical difference seems to 

134 



exist between the lot sizes of twelve and twenty-four up to the staff level of 75%. After 

the 75% staff level, the lot sizes of twelve and twenty-four become statistically different 

because of the decrease in the average yearly product throughput at the lot size of twenty-

four. The lot size of thirty-six is statistically different from both lot sizes of twelve and 

twenty-four for all staff levels. Multiple comparison tests were performed in order to 

corroborate this analysis. A Bonferonni adjustment of alpha was used for the multiple 

comparison tests that were performed on each level of lot size by staff level. The full 

statistical output may be found in Table C-7 of Appendix C. 

The analysis implies that at a lot size of twenty-four, the staff reduction along 

with the level of lot size does affect the average yeariy product throughput. In particular, 

the lot size of twenty-four has a smaller average yeariy product throughput than the lot 

size of twelve, with the lot size of thirty-six having the smallest average yeariy product 

throughput of all. This can be explained by the fact that using larger lot sizes results in 

more wafers being present in the system. As the staff level is reduced and as the lot size 

gets larger, the larger lots of wafers will spend more time in the system (due to the 

smaller availability of operators) and thus will decrease the average yearly product 

throughput. 

It is also clear that at a lot size of twelve and thirty-six, there are only minor 

fluctuations in the average yearly product throughput. These minor fluctuations are 

attributable to the inherent variations in the random number seeds. However, the reason 

why the reduction of staff levels on these two levels of lot size seems to have no effect on 

the average yearly product throughput must be explained. This phenomenon can be 
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described similariy to the explanation given in sections 6.3.2 and 6.3.4 for the effect of 

LS*staff on the performance measure of average WIP inventory and average product 

cycle time, respectively. The machines create the bottieneck in lot sizes of twelve and 

thirty-six, however, the operators create the bottleneck in the staff levels of 70% and 

below for the lot size of twenty-four. This is due to the batch technique, the modal 

machine load capacity within each bottieneck work center, and the number of lots present 

in the system under each lot size. Therefore, for the lot sizes of twelve and thirty-six, the 

bottieneck work center remains the same for all staff levels (work center 43 and work 

center 40, respectively). The machines create the bottieneck for lot sizes of twelve and 

thirty-six as opposed to the operators. This causes no change in the average yearly 

product throughput for all staff levels tested for lot sizes of twelve and thirty-six and 

explains the increase in throughput as staff levels are reduced for a lot size of 24. 

In continuing with the analysis on the average yearly product throughput, the 

interaction of RR*staff on average yearly product throughput is examined. According to 

the ANOVA test, the interaction of RR*staff on the performance measure response of 

average yearly product throughput is significant. The ANOVA test shows a P-value of 

0.0001, which is clearly significant at the .05 level. As a reminder, the eighth hypothesis 

that was tested is listed below. 

8. HQ: There is no interaction between release rate and staff reduction levels on 

the performance measure response of average yeariy product throughout. 

Ha: There is an interaction between release rate and staff reduction levels on 

the performance measure response of average yearly product throughout. 
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Table 6-26 shows the ANOVA output and Figure 6-11 shows the interaction plot 

of the two-way interaction of RR*staff with respect to the average yeariy product 

throughput. 

Table 6-26: Two Way Interaction Results on RR Aspect with Respect to Average 
Throughput. 

Source 

Rep*Product 

Rep*Staff 

Staff* Product 

Rep*RR 

RR*Product 

Staff*RR 

Degrees of Freedom 

18 

81 

18 

18 

4 

18 

F-Statistic 

.8148 

1.0264 

2,557 

1.4585 

14,826 

18,183 

P-Value 

.6709 

.4524 

.0001 

.1824 

.0001 

.0001 
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Figure 6-11: Interaction of RR and Operator Reduction on Average Throughput. 

It is clear that at lower staff levels the average yearly product throughput for the 

release rates of 144 and 192 is sharply reduced (specifically after the 75% staff level). 
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Clearly, the magnitude in the decrease of the average yeariy product throughput is 

smaller with the release rate of 192 than it is with the release rate of 144. Further, as seen 

in the multiple comparison tests that were performed on the average yearly product 

throughput with respect to release rates by staff levels, all release rates are significantly 

different from each other at staff levels between 100% and 75%. However, between the 

70% and the 50% staff levels, all three release rates exhibit statistically similar average 

yearly product throughput. This is due to the fact that the operators, at these levels, are 

the constraint to the system. Again, a Bonferonni adjustment of alpha was used for the 

multiple comparison tests that were performed on each level of release rate by staff level. 

The full statistical output may being found in Table C-8 of Appendix C. 

Another result seen is that as the release changes from 192 to 144 wafers, the 

average yearly product throughput increases. This makes sense from the standpoint of 

the capacity of the wafer fabrication system. Fewer throughputs are realized at the higher 

release rate because the system is becoming capacitated. Work centers are becoming 

bogged and operators are much busier. Also, as we move to a release rate of 72 wafers, 

we see the smallest average yeariy product throughput of all the release rates. This is 

because the system is not saturated, or running at full capacity, at a release rate of 72 

wafers per twelve-hour shift. This follows the reasoning described in section 6.3.2 and 

6.3.4. To demonstrate this point a bit farther. Table 6-27 shows the average yearly 

product throughput for a small release rate (24 wafers per twelve-hour shift) and a large 

release rate (744 wafers per twelve-hour shift) at the staff level of 100%. The average 

yeariy throughput is an aggregate throughput consisting of all three products. 
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Table 6-27: Throughput Comparison 
Release Rate (wafers per 

twelve-hour shift) 

744 

192 

144 

72 

24 

by Release Rate. 
Average Yearly 

Throughput (wafers) 

10,492 

76,719 

88,850 

52,562 

17,515 

This demonstrates that as the release rate gets higher than 144, based upon the 

levels studied, the average yearly product throughput decreases due to an over 

capacitated system. As the release rate falls from 144 wafers, based upon the levels 

studied, the average yearly product throughput also declines. Therefore, the release rate 

of 144 wafers per twelve-hour shift is better than all the other release rates, in terms of 

throughput, at a staff level between 100% and 75%. This may show the wisdom of the 

semiconductor facility under study as they currently use a deterministic release rate of 

144 wafers per twelve-hour shift. 

The final analysis completed on the performance measure of average yeariy 

product throughput is the interaction of QD*staff. According to the ANOVA test, there 

is a significant interaction between queue disciplines and staff levels on the performance 

measure response of average yearly product throughput. The ANOVA test shows a P-

value of 0.0001, which is cleariy significant at an alpha of .05. As a reminder, the ninth 

hypothesis that was tested is listed below. 
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9. Ho: There is no interaction between queue discipline and staff reduction levels 

on the performance measure response of average yeariy product throughout. 

Ha: There is an interaction between queue discipline and staff reduction levels 

on the performance measure response of average yearly product throughout. 

Table 6-28 shows the ANOVA results and Figure 6-12 shows the interaction plot 

of the two-way interaction of QD*staff with respect to the average yearly product 

throughput. 

Table 6-28: Two Way Interaction Results on QD Aspect with Respect to Average 
Throughput. 

Source 

Rep*Product 

Rep*Staff 

Staff*Product 

Rep*QD 

QD*Product 

Staff*QD 

Degrees of Freedom 

18 

81 

18 

18 

4 

18 

F-Statistic 

.4888 

.9609 

350.2520 

.9842 

17,099 

9,419 

P-Value 

.9419 

.5849 

.0001 

.5573 

.0001 

.0001 
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Interaction of Queue Discipline and Operator Reduction on Throughput 
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Figure 6-12: Interaction of QD and Operator Reduction on Average Throughput. 

It is clear that at lower levels of staffing the average yearly product throughput for 

the queue disciplines of FIFO and SVF sharply decreases. It appears from the plot that 

the average yearly product throughput is most affected by the queue discipline of FIFO as 

the staff level is reduced. This is followed by a similar increase in average yeariy product 

throughput for the queue discipline of SVF, however the magnitude of change is a bit 

smaller. The interaction occurs when the average yearly product throughput for the 

queue discipline of FIFO exceeds the average yeariy product throughput for the queue 

discipline of SVF at staff levels lower than 75%. Prior to this, the opposite pattern is 

seen. This intuitively makes sense because if a queue discipline of SVF is used, more 

products will be converted into throughput if the products that can be completed faster 

are done first. Even if the staff level is decreased, we will get more products through 

using a queue discipline of SVF as opposed to using the queue disciplines of FIFO or 
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LIFO. It is at this point, from the 75% staff level and below, that the operators are the 

bottienecks in the system, not the machines. 

It is further important to note that, statistically, there is no difference between the 

average yearly product throughput for all three queue disciplines as the staff level is 

reduced from 70% to 50%. Further, the queue discipline of SVF and FIFO are never 

statistically different, no matter which staff level is of concern. Finally, the average 

yeariy product throughput under the queue disciplines of SVF and FIFO are both 

statistically different from the average yeariy product throughput under the queue 

discipline of LIFO at staff levels ranging from 100% to 75%. Again, a Bonferonni 

adjustment of alpha was used for the multiple comparison tests that were performed on 

each level of queue discipline by staff level. The full statistical output can be found in 

Table C-9 of Appendix C. 

Finally, the average yearly product throughput is seemingly not affected by the 

queue discipline of LIFO as the staff level is reduced. This is due to the release a pattern 

of the specific devices. As the release of wafers occurs in the shop, all the DSP devices 

are released first, then the FLASH devices, then the FMEG devices. This causes the 

FMEG devices to be run first under the LIFO queue discipline. Since the FMEG device 

requires a work center that the other devices do not and this work center has only a few 

machines to do the processing, this is the bottieneck for the entire process. The FMEG 

device further does not require the same usage for work center 40 that the other two 

devices require. Under the SVF and FIFO queue disciplines, work center 40 is the 

bottleneck since it is required heavily by both. However, because of the different 
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requirements for the FMEG device and because it is ran first under the LIFO queue 

discipline, work center 19 is the bottleneck for the LIFO queue discipline. This 

bottleneck causes further delays downstream in the processing and therefore, results in 

more devices in the entire system. This bottleneck change, due to the LIFO queue 

discipline causes the steady average yeariy product throughput for all levels of staffing 

for the queue discipline of LIFO as seen in the graph. Therefore, the method of material 

release seems to play an important factor for controlling average yearly product 

throughput (as it did in controlling average WIP inventory and average product cycle 

time). 

On a final note, more for validation then for analysis, it is seen that as the staff 

level is reduced, the average yearly product throughput eventually decreases with respect 

to queue discipline factors. This intuitively makes sense because, while all other factors 

remain unchanged, we would eventually expect to see a decrease in average yearly 

product throughput as the staff level is decreased. As seen, this phenomenon occurs here 

for the queue disciplines of FIFO and SVF. The queue discipline of LIFO, even though 

does not change as staff level is reduced, elicits an average yeariy product throughput 

similar to a reduction in staff level from the onset (when compared to FIFO and SVF). 
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CHAPTER Vn 

SUMMARY, CONTRIBUTIONS AND CONCLUSION 

7.1 Summarv of Statistical Findings 

The following sections will summarize the statistical interaction analysis 

categorized by performance measure. Contributions of the research, practical 

contributions of the research, research limitations of this study, and directions for future 

research will be examined following the statistical summary. Chapter VII will conclude 

with an overall conclusion of the dissertation study. 

7.1.1 WIP Inventory 

The following is a summary of the finding for each aspect of the semiconductor 

manufacturing process on the average WIP inventory level. 

1. LS by Operator Reduction Summary of Results on WIP 

a. Regardless of staff level, smaller lot sizes will always result is less WIP 

inventory. 

b. Operator reduction will have an effect on the average WIP level at specific 

lot sizes. This is due to the modal load capacity of the bottleneck work 

center. 

2. Release Rate by Operator Reduction Summary of Results on WIP 

a. Staff reduction has only an effect on average WIP inventory when the 

system is operating at capacity. 
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b. The larger the release rate in a capacitated system, the smaller the effect of 

operator reduction. 

c. Regardless of staff level, a higher release rate always incurred more WIP 

inventory. 

3. Queue Discipline by Operator Reduction Summary of Results on WIP 

a. As staff levels decrease, there is an effect on WIP for FIFO and SVF. 

b. The effect of staff reduction on queue discipline seems to be larger for 

FIFO. 

c. At higher levels of staff, SVF practically performs better than FIFO. This 

is reversed at lower staff levels. 

d. The queue disciplines of SVF and FIFO are never statistically different 

from each other. 

e. At low staff levels, all three queue disciplines statistically perform the 

same. 

7.1.2 Cycle Time 

The following is a summary of the finding for each aspect of the semiconductor 

manufacturing process on the average product cycle time. 

1. LS by Operator Reduction Summary of Results on Cycle Time 

a. Regardless of staff level, smaller lot sizes will always result is smaller 

cycle times. 
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b. Operator reduction will have an effect on the average cycle times at 

specific lot sizes. This is due to the modal load capacity of the bottleneck 

work center. 

2. Release Rate by Operator Reduction Summary of Results on Cycle Time 

a. Staff reduction only has an effect on cycle time when the system is 

operating at capacity. 

b. The larger the release rate in a capacitated system, the smaller the effect of 

operator reduction on cycle times. 

c. Regardless of staff level, a higher release rate always incurred a larger 

cycle time. 

3. Queue Discipline by Operator Reduction Summary of Results on Cycle Time 

a. As staff levels decrease, there is an effect on WIP for FIFO and SVF. 

b. The effect of staff reduction on queue discipline seems to be larger for 

FIFO. 

c. At higher levels of staff, SVF practically performs better than FIFO. This 

is reversed at lower staff levels. 

d. The queue disciplines of SVF and FIFO are never statistically different 

from each other. 

e. Regardless of the staff level, the LIFO queue discipline always incurs a 

smaller cycle time. 
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7.1.3 Throughput 

The following is a summary of the finding for each aspect of the semiconductor 

manufacturing process on the average yeariy product throughput. 

1. LS by Operator Reduction Summary of Results on Throughput 

a. Regardless of staff level, smaller lot sizes will always result in more 

throughput. 

b. Operator reduction will have an effect on the average WIP level at specific 

lot sizes. This is due to the modal load capacity of the bottleneck work 

center. 

2. Release Rate by Operator Reduction Summary of Results on Throughput 

a. Staff reduction only has an effect on throughput levels when the system is 

operating at capacity. 

b. The more overcapacitized a system becomes, the more detrimental a larger 

and larger release rate becomes on throughput. 

c. At lower staff levels, the throughput becomes almost the same for all 

release rates. 

3. Queue Discipline by Operator Reduction Summary of Results Throughput 

a. As staff levels decrease, there is an effect on throughput for FIFO and 

SVF. 

b. The effect of staff reduction on queue discipline seems to be larger for 

FIFO. 
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c. At higher levels of staff, SVF practically periderms better than FIFO. This 

is reversed at lower staff levels. 

d. The queue disciplines of SVF and FIFO are never statistically different 

from each other. 

e. At low staff levels, all three queue disciplines perform statistically the 

same. 

7.2 Contribution of Research 

The contribution of this research will occur in the operating expense savings it 

creates for firms within the semiconductor industry. Operator availability impact has not 

been fully examined in the literature for the semiconductor industry. Thus, profit can be 

increased in terms of operating expense reduction in order to improve the bottom line in 

the short term. With the current decline in sales and softening of the semiconductor 

market, this is of the utmost importance to many semiconductor firms; especially to the 

facility under study in this dissertation. Therefore, the following list describes the 

contributions of this research study: 

1. Analytical relationships have been found which, upon further study, will aid 

in the improvement of performance measures in flexible job shops. 

2. Operator reduction can be achieved knowing what the effect will be on the 

performance measures in order to reduce operating expenses. 

3. It appears that the product mix and load capacity of the bottleneck work center 

are integral in the improvement of performance in the semiconductor process. 
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7.3 Contributions to Practice 

Not only is it important to have contributions to the field of knowledge in a study 

for the field of productions and operations management, but it is equally vital that these 

contributions be able to be applied directly to industry. In this respect, the following list 

explains the contributions of this research study to practice: 

1. Specific levels of operator reduction can be determined in order to save on 

operating expense without statistically affecting the performance measures 

analyzed. This can be generalized for complex job shops that are machine 

intensive. 

2. Production scheduling may benefit based upon the staff level, the product 

mix, and the modal load capacity of the bottleneck work center for complex 

job shops that are machine intensive. 

7.4 Limitations of Research 

Due to the complexities involved in the semiconductor production process, 

limitations to this research do exist. These limitations are as follows: 

1. Production data for one semiconductor firm was utilized and a simulation was 

developed for this facility only. Thus, the generalizability of this research to 

complex job shops that are machine intensive is based on several different 

inputs to this one modeled process. 

2. Cross training was not examined. Cleariy, if certain employees are cross-

trained, further reductions in staffing levels may be appropriate. 
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3. Since only three products of the several hundred produced were used in the 

simulation model, the implementation of these results must be examined 

carefully. However, a general sense of operator availability and the impact on 

the production process can be formulated. 

7.5 Future Research 

Once a valid simulation model is developed, future research in the semiconductor 

industry is endless. However, with respect to the objective of this dissertation, the 

following suggestions for future research direction are evident: 

1. Examining the effect of cross training on further operating expense reduction. 

2. Development of a model that can detect the locations of bottlenecks given 

specific product mixes and release rates. 

3. Determine the effects of operator reduction by using different criteria for the 

removal of operators from specific work centers under a given staff level 

percentage. 

4. Determine the effect of a drum-buffer-rope release mechanism on the 

performance measures analyzed. 

5. Determine the product mix effect on the bottleneck location with respect to 

different lot sizes. 
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7.6 Conclusion 

Determining a staff level for a semiconductor firm has been demonstrated to be an 

important issue of interest to those firms within the semiconductor industry. This 

objective has been met by developing a simulation model that determined an appropriate 

staff level that is smaller than the current staff level in an effort to reduce operating 

expenses. This was accomplished while maintaining statistically similar WIP inventory 

levels, product cycle times and product throughput levels. 

The findings of the relationships between staff reduction and specific aspects of 

the semiconductor industry with respect the three performance measures of interest is 

even more valuable. The relationships developed are generalizable to an entire class of 

complex job shops that are heavily machine intensive. These findings will be able to be 

used in practice to help these job shops improve on the performance of their systems and 

save money with respect to operating expenses. Research in this area is endless, and 

continued study in this area will definitely provide more value to complex job shops. 
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FLOW CHARTS OF SIMULATION SUBROUTINES 
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Read in number of machines per WC 

i 
Read in number of operators per WC 

i 
Read in MTTR of machines in each WC 

Set SLAM internal values 

I 
Read in operational sequence file for DSP 

Read in operational sequence file for FLASH 

I 
Read in operational sequence file for FMEG 

Read in process specification table for all work centers 

Initialize operator index array for easier TIMST collection 

I 
Call SLAM 

Stop 

End 

Figure A-1: Subroutine MAIN Event Logic. 
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Set initial values for variables 

I 
Determine lot size, daily demand, and yield rate per operation per device 

I 
Specify the number of attributes per job - 15 

I 
Setup auxiliary batch array for batch entities 

I 
Initialize machine status array, logout terminal status array, and operator 

status array to zero for all entries 

I 
Initialize non-available workers with a status of 2 

I 
Initialize cumulative times array (processing, setup, logout, and 

transfer), device routings array, and last processing code array to zero 

I 
Schedule the first arrival and set number of jobs to zero 

Return 

Note that initialization of TIMST variables is accomplished in the DAT file 

Figure A-3: Subroutine INTLC Event Logic. 
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Schedule Subsequent ARRIVAL 

Set Common Attributes 

Determine Number of Lots for Specific Device 

Set Device Specific Job Attributes (row pointer, first WC, 
first process code, and device type) 

I 
Update WIP Level for Specific Device (Lot) 

Schedule SETUP for Lot 

Update Total 
WIP Level 

Return 

Figure A-4: Subroutine ARVWC Event Logic. 
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Retrieve current WC and current machine from attributes 

I 
Set WC queue file 

Set machine status to idle, but available 

Return 

Remove job from WC queue 

Schedule SETUP 

Return 

Figure A-5: Subroutine ENDREPAIR Event Logic. 
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Read WC, Operator, and Processing Time from Attributes 

Schedule ENDSERVICE 

Set operator status to idle, but available and gather TIMST 

No Return 

Remove job from logout queue - Negligible operator time 

Schedule LOGOUT event 

Return 

Figure A-7: Subroutine ENDSETUP Event Logic. 
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Retrieve current WC from job attributes 

Schedule LOGOUT 

No 
^ Return 

Remove job from WC queue 

Schedule SETUP event 

Return 

Figure A-8: Subroutine ENDSERVICE Event Logic. 
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Retrieve WC, logout queue, logout terminal and 
job count information from auxiliary array 

• Call Filem 

Operator status set to busy and gather TIMST 

Logout terminal status set to busy 

Call Filem 

Return 

Operator status set to idle, 
but available 

Return 

Schedule ENDLOGOUT event 

Return 

Figure A-9: Subroutine LOGOUT Event Logic. 
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Retrieve batch array pointer for first lot in batch 

Unbatch job - retrieve batch attributes into local variables and call 
GETAA for original lot attributes ( before placed in the batch) 

Update process yield 

Increase operation number by one, but do not store 

Retrieve new processing code, but do not store 

Yes. 
• Schedule STATS event 

Schedule ENDTRNFR event Beta 

Yes. 
^ Retrieve pointer of next batched job 

Set machine, operator, and terminal status' to idle 

Remove job from WC queue Remove job from Logout queue E] 
Schedule SETUP event Schedule LOGOUT event Return 

Figure A-10: Subroutine ENDLOGOUT Event Logic. 
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Retrieve operation number from job attributes 

Increase operation number of job by one 

Update SOP Remaining and process specifications 

Update job attributes based on new process specifications 

Schedule SETUP event 

Return 

Figure A-11: Subroutine ENDTRNFR Event Logic. 
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Add one to Jobcount 

No No 

Yes Yes Yes 

Collect statistics on 
DSP device 

Collect statistics on 
FMEG device 

Collect statistics on 
FLASH device 

Collect throughput for 
DSP device 

Collect throughput 
for FMEG device 

Collect throughput for 
FLASH device 

Reduce WIP levels for 
DSP device & collect 

TIMST 

Reduce WIP levels 
for FMEG device 

and collect TIMST 

Reduce WIP levels for 
FLASH device and 

collect TIMST 

Collect TIMST variable for total WIP level 

Return 

Figure A-12: Subroutine STATS Event Logic. 
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Replication 3 for Staff'Rep Interaction 
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Replication 5 for Staff'Rep Interaction 
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Inventory. 
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Replication 7 for Staff'Rep Interaction 
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Figure B-7: Interaction Plot of Replication7*Staff with Respect to Average WIP 
Inventory. 
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Figure B-8: Interaction Plot of Replication8*Staff with Respect to Average WIP 
Inventory. 
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Replication 9 tor Staff'Rep interaction 
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Figure B-9: Interaction Plot of Replication9*Staff with Respect to Average WIP 
Inventory. 
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Figure B-10: Interaction Plot of Replication l*Staff with Respect to Average WIP 
Inventory. 
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Figure B-12: Interaction Plot of Replication2*Staff*LS with Respect to Average WIP 
Inventory. 
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Figure B-13: Interaction Plot of Replication3*Staff*LS with Respect to Average WIP 
Inventory. 
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Figure B-14: Interaction Plot of Replication4*Staff*LS with Respect to Average WIP 
Inventory. 
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Figure B-15: Interaction Plot of Replication5*Staff*LS with Respect to Average WIP 
Inventory. 
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Figure B-16: Interaction Plot of Replication6*Staff*LS with Respect to Average WIP 
Inventory. 
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Figure B-17: Interaction Plot of Replication7*Staff*LS with Respect to Average WIP 
Inventory. 
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Figure B-18: Interaction Plot of Replication8*Staff*LS with Respect to Average WIP 
Inventory. 
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Figure B-19: Interaction Plot of Replication9*Staff*LS with Respect to Average WIP 
Inventory. 
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Figure B-20: Interaction Plot of Replication 10*Staff*LS with Respect to Average WIP 
Inventory. 
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APPENDIX C 

BONFERONNI MULTIPLE COMPARISON 

TESTS FOR TWO-WAY INTERACTIONS 

183 



Table C-1: Multiple Comparison for Staff Level by Lot Size on WIP. 
STAFF=Hundred 

Bon Grouping Mean N LS 
A 109583 30 36 
B 28550 30 24 
B 24142 30 12 

STAFF=Ninety 
Bon Grouping Mean N LS 

A 109594 30 36 
B 28522 30 24 
B 24271 30 12 
STAFF=Eig_Five 

Bon Grouping Mean N LS 
A 109648 30 36 
B 28496 30 24 
B 24491 30 12 

STAFF=Eighty 
Bon Grouping Mean N LS 

A 109563 30 36 
B 28481 30 24 
B 23910 30 12 
STAFF=Sev_Five 

Bon Grouping Mean N LS 
A 109733 30 36 
B 28539 30 24 
B 24483 30 12 
STAFF=Seventy 

Bon Grouping Mean N LS 
A 109803 30 36 
B 83302 30 24 
C 24396 30 12 
STAFF=Six_Five 

Bon Grouping Mean N LS 
A 109827 30 36 
B 83221 30 24 
C 24361 30 12 

STAFF=Sixty 
Bon Grouping Mean N LS 

A 109784 30 36 
B 83265 30 24 
C 24437 30 12 
STAFF=Fif_Five 

Bon Grouping Mean N L 
A 109788 30 36 
B 83297 30 24 
C 24316 30 12 

STAFF=Fifty 
Bon Grouping Mean N LS 

A 109733 30 36 
B 83260 30 24 
C 24601 30 12 
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Table C-2: Multiple Comparison for Staff Level by Release Rate on 
STAFF=Hundred 

Bon Grouping 
A 
B 
C 

WIP. 

Bon 

Bon 

Bon 

Bon 

Bon 

Bon 

Bon 

Bon 

Bon 

Grouping 
A 
B 
C 

Grouping 
A 
B 
C 

Grouping 
A 
B 
C 

Grouping 
A 
B 
C 

Grouping 
A 
B 
C 

Grouping 
A 
B 
C 

Grouping 
A 
B 
C 

Grouping 
A 
B 
C 

Grouping 
A 
B 
C 

Mean N RR 
98764 30 192 
28550 30 144 
2293 30 92 

STAFF=Ninety 
Mean N RR 
98757 30 192 
28522 30 144 
2294 30 92 

STAFF=Eig_Five 
Mean N RR 
98767 30 192 
28496 30 144 
2295 30 92 

STAFF=Eighty 
Mean N RR 
98765 30 192 
28481 30 144 
2295 30 92 

STAFF=Sev_Five 
Mean N RR 
98796 30 192 
28539 30 144 
2314 30 92 

STAFF=Seventy 
Mean N RR 

136470 30 192 
83302 30 144 
2315 30 92 

STAFF=Six_Five 
Mean N RR 

136480 30 192 
83221 30 144 
2317 30 92 

• STAFF=Sixty 
Mean N RR 

136513 30 192 
83265 30 144 
2318 30 92 

STAFF=Fif_Five 
Mean N RR 

136370 30 192 
83297 30 144 
2321 30 92 

- STAFF=Fifty 
Mean N RR 

136340 30 192 
83260 30 144 
2322 30 92 
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Table C-3: Multiple Comparison for Staff Level by Queue Discipline on WIP. 
STAFF=Hundred 

Bon Grouping Mean N QD 
A 79570 30 LIFO 
B 34023 30 SVF 
B 28550 30 FIFO 

STAFF=Ninety 
Bon Grouping Mean N QD 

A 79596 30 LIFO 
B 34192 30 SVF 
B 28522 30 FIFO 

STAFF=Eig_Five 
Bon Grouping Mean N QD 

A 79500 30 LIFO 
B 34264 30 SVF 
B 28496 30 FIFO 

STAFF=Eighty 
Bon Grouping Mean N QD 

A 79262 30 LIFO 
B 34178 30 SVF 
B 28481 30 FIFO 

STAFF=Sev_Five 
Bon Grouping Mean N QD 

A 79482 30 LIFO 
B 34174 30 SVF 
B 28539 30 FIFO 

STAFF=Seventy 
Bon Grouping Mean N QD 

A 83302 30 FIFO 
A 79340 30 LIFO 
A 75374 30 SVF 

STAFF=Six_Five 
Bon Grouping Mean N QD 

A 83221 30 FIFO 
A 79348 30 LIFO 
A 74974 30 SVF 

STAFF=Sixty 
Bon Grouping Mean N QD 

A 83265 30 FIFO 
A 79406 30 LIFO 
A 75156 30 SVF 

STAFF=Fif_Five 
Bon Grouping Mean N QD 

A 83297 30 FIFO 
A 79328 30 LIFO 
A 75095 30 SVF 

STAFF=Fifty 
Bon Grouping Mean N QD 

A 83260 30 FIFO 
A 79292 30 LIFO 
A 75220 30 SVF 
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Table C-4: Multiple Comparison for Staff Level by Lot Size on Cycle Time. 
STAFF=Hundred 

Bon Grouping Mean N LS 
A 8993.7 30 36 
B 2372.4 30 24 
B 2004.0 30 12 

STAFF=Ninety 
Bon Grouping Mean N LS 

A 9001.9 30 36 
B 2370.0 30 24 
B 2014.1 30 12 
STAFF=Eig_Five 

Bon Grouping Mean N LS 
A 8984.5 30 36 
B 2369.5 30 24 
B 2032.7 30 12 

STAFF=Eighty 
Bon Grouping Mean N LS 

A 8980.9 30 36 
B 2367.4 30 24 
B 1984.4 30 12 
STAFF=Sev_Five 

Bon Grouping Mean N LS 
A 8997.2 30 36 
B 2371.7 30 24 
B 2032.2 30 12 
STAFF=Seventy 

Bon Grouping Mean N LS 
A 8988.7 30 36 
B 6764.6 30 24 
C 2025.4 30 12 
STAFF=Six_Five 

Bon Grouping Mean N LS 
A 9007.5 30 36 
B 6762.1 30 24 
C 2021.8 30 12 

STAFF=Sixty 
Bon Grouping Mean N LS 

A 8977.4 30 36 
B 6766.1 30 24 
C 2028.6 30 12 
STAFF=Fif_Five 

Bon Grouping Mean N LS 
A 8997.7 30 36 
B 6770.1 30 24 
C 2018.9 30 12 

STAFF=Fifty 
Bon Grouping Mean N LS 

A 8982.5 30 36 
B 6762.6 30 24 
C 2042.5 30 12 
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Table C-5: Multiple Comparison for Staff Level by Release Rate on 
STAFF=Hundred 

Cycle Time. 

Bon 

Bon Grouping 
A 
B 
C 

STAFF=Ninety -
Grouping 

A 
B 
C 

STAFF=Eig_Five 
Bon Grouping 

A 
B 
C 

STAFF=Eighty -
Bon Grouping 

A 
B 
C 

STAFF=Sev_Five 
Bon Grouping 

A 
B 
C 

STAFF=Seventy 
Bon Grouping 

A 
B 
C 

STAFF=Six_Five 
Bon Grouping 

A 
B 
C 
STAFF=Sixty -

Bon Grouping 
A 
B 
C 

Mean 
6136.3 
2372.4 
382.2 

Mean 
6137.4 
2370.0 
382.4 

Mean 
6141.3 
2369.5 
382.5 

Mean 
6139.6 
2367.4 
382.4 

Mean 
6142.0 
2371.7 
385.6 

Mean 
8401.27 
6764.57 
385.88 

Mean 
8394.17 
6762.07 
386.17 

Mean 
8410.47 
6766.07 
386.37 

STAFF=Fif_Five 
Bon Grouping 

A 
B 
C 

STAFF=Fifty --
Bon Grouping 

A 
B 
C 

Mean 
8393.00 
6770.13 
386.92 

Mean 
8396.20 
6762.63 
387.03 

N 
30 
30 
30 

RR 
192 
144 
92 

N 
30 
30 
30 

RR 
192 
144 
92 

N 
30 
30 
30 

RR 
192 
144 
92 

N 
30 
30 
30 

RR 
192 
144 
92 

N 
30 
30 
30 

RR 
192 
144 
92 

N 
30 
30 
30 

RR 
192 
144 
92 

N 
30 
30 
30 

RR 
192 
14 
92 

N 
30 
30 
30 

RR 
192 
144 
92 

N 
30 
30 
30 

RR 
192 
144 
92 

N 
30 
30 
30 

RR 
192 
144 
92 
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Table C-6: Multiple Comparison for Staff Level by Queue Discipline on Cycle Time. 
STAFF=Hundred 

Bon Grouping 
A 
A 
B 

Bon Grouping 
A 
A 
B 

Bon Grouping 
A 
A 
B 

Bon Grouping 
A 
A 
B 

Bon Grouping 
A 
A 
B 

Bon Grouping 
A 
B 
C 

Bon Grouping 
A 
B 
C 

Bon Grouping 
A 
B 
C 

Bon Grouping 
A 
B 
C 

Bon Grouping 
A 
B 
C 

Mean 
2705.5 
2372.4 
519.8 

STAFF=Ninety 
Mean 

2719.2 
2370.0 
521.4 

STAFF=Eig_Five 
Mean 

2723.9 
2369.5 
505.3 

STAFF=Eighty 
Mean 

2717.9 
2367.4 
513.9 

STAFF=Sev_Five 
Mean 

2717.8 
2371.7 
516.8 

STAFF=Seventy 
Mean 

6764.6 
6162.1 
518.4 

STAFF=Six_Five 
Mean 

6762.1 
6122.9 
519.3 

- STAFF=Sixty 
Mean 

6766.1 
6145.4 
526.5 

- STAFF=Fif_Five — 
Mean 

6770.1 
6137.0 
527.1 

-- STAFF=Fifty 
Mean 

6762.6 
6144.0 
518.1 

N QD 
3 0 SVF 
30 FIFO 
30 LIFO 

N QD 
3 0 SVF 
3 0 FIFO 
30 LIFO 

N QD 
3 0 SVF 
3 0 FIFO 
3 0 LIFO 

N QD 
30 SVF 
30 FIFO 
30 LIFO 

N QD 
30 SVF 
30 FIFO 
3 0 LIFO 

N QD 
3 0 FIFO 
30 SVF 
3 0 LIFO 

N QD 
30 FIFO 
30 SVF 
30 LIFO 

N QD 
30 FIFO 
3 0 SVF 
30 LIFO 

N QD 
3 0 FIFO 
3 0 SVF 
30 LIFO 

N QD 
3 0 FIFO 
30 SVF 
30 LIFO 
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Table C-7: Multiple Comparison for Staff Level by Lot Size on Throughput. 

Bon Grouping 
A 
A 
B 

Bon Grouping 
A 
A 
B 

Bon Grouping 
A 
A 
B 

Bon Grouping 
A 
A 
B 

STAFF=Sev 
Bon Grouping 

A 
A 
B 

Bon Grouping 
A 
B 
C 

STAFF=Six, 
Bon Grouping 

A 
B 
C 

Bon Grouping 
A 
B 
C 

Bon Grouping 
A 
B 
C 

Bon Grouping 
A 
B 
C 

STAFF=Hundred 
Mean 
91688 
88850 
33007 

STAFF=Ninety 
Mean 
91536 
88872 
33149 

STAFF=Eig_Five 
Mean 
91357 
88838 
32998 

STAFF=Eighty 
Mean 
91687 
88902 
33094 

Five 
Mean 
91181 
88796 
32977 

STAFF=Seventy 
Mean 
91807 
50934 
33068 

Five — 
Mean 
91505 
50973 
33096 

STAFF=Sixty 
Mean 
91637 
50890 
32900 

STAFF=Fif_Five --
Mean 
91596 
50834 
33016 

STAFF=Fifty 
Mean 
91583 
50926 
33053 

N 
30 
30 
30 

N 
30 
30 
30 

N 
30 
30 
30 

N 
30 
30 
30 

N 
30 
30 
30 

N 
30 
30 
30 

N 
30 
30 
30 

N 
30 
30 
30 

N 
30 
30 
30 

LS 
12 
24 
36 

LS 
12 
24 
36 

LS 
12 
24 
36 

LS 
12 
24 
36 

LS 
12 
24 
36 

LS 
12 
24 
36 

LS 
12 
24 
36 

LS 
12 
24 
36 

LS 
12 
24 
36 

L N 

30 
30 
30 

LS 
12 
24 
36 
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Table C-8: Multiple Comparison for Staff Level by Release Rate on Throughput. 
STAFF=Hundred 

Bon Grouping Mean N RR 
A 88850 30 144 
B 76719 30 192 
C 52562 30 92 

STAFF=Ninety 
Bon Grouping Mean N RR 

A 88872 30 144 
B 76760 30 192 
C 52577 30 92 

STAFF=Eig_Five 
Bon Grouping Mean N RR 

A 88838 30 144 
B 76799 30 192 
C 52570 30 92 

STAFF=Eighty 

Bon Grouping Mean N RR 
A 88902 30 144 
B 76805 30 192 
C 52552 30 92 

STAFF=Sev_Five 
Bon Grouping Mean N RR 

A 88796 30 144 
B 76598 30 192 
C 52565 30 92 

STAFF=Seventy 
Bon Grouping Mean N RR 

A 52553.6 30 92 
A 50934.4 30 144 
A 50886.4 30 192 

STAFF=Six_Five 
Bon Grouping Mean N RR 

A 52546.4 30 92 
A 50972.8 30 144 
A 50798.4 30 192 

STAFF=Sixty 
Bon Grouping Mean N RR 

A 52566.4 30 92 
A 50889.6 30 144 
A 50884.0 30 192 

STAFF=Fif_Five 
Bon Grouping Mean N RR 

A 52562.4 30 92 
A 50834.4 30 144 
A 50826.4 30 192 

STAFF=Fifty 
Bon Grouping Mean N RR 

A 52564.8 30 92 
A 50925.6 30 144 
A 50794.4 30 192 
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Table C-9: Multiple Comparison for Staff Level by Queue Discipline on Throughput. 

Bon Grouping 
A 
A 
B 

Bon Grouping 
A 
A 
B 

Bon Grouping 
A 
A 
B 

Bon Grouping 
A 
A 
B 

Bon Grouping 
A 
A 
B 

Bon Grouping 
A 
A 
A 

Bon Grouping 
A 
A 
A 

Bon Grouping 
A 
A 
A 

Bon 

Bon 

Grouping 
A 
A 
A 

Grouping 
A 
A 
A 

STAFF=Hundred 
Mean 
88850 
85056 
53477 

• STAFF=Ninety 
Mean 
88872 
84959 
53677 

STAFF=Eig_Five — 
Mean 
88838 
85021 
53563 

- STAFF=Eighty 
Mean 
88902 
84979 
53610 

STAFF=Sev_Five --
Mean 
88796 
84976 
53396 

STAFF=Seventy 
Mean 
56681 
53746 
50934 

STAFF=Six_Five --
Mean 
56744 
53459 
50973 

- STAFF=Sixty 
Mean 
56870 
53541 
50890 

STAFF=Fif_Five --
Mean 
56650 
53706 
50834 

- STAFF=Fifty 
Mean 
56607 
53739 
50926 

N QD 
30 FIFO 
30 SVF 
3 0 LIFO 

N QD 
3 0 FIFO 
30 SVF 
30 LIFO 

N QD 
30 FIFO 
30 SVF 
30 LIFO 

N QD 
30 FIFO 
3 0 SVF 
30 LIFO 

N QD 
30 FIFO 
30 SVF 
30 LIFO 

N QD 
30 SVF 
30 LIFO 
30 FIFO 

N QD 
30 SVF 
3 0 LIFO 
30 FIFO 

N QD 
30 SVF 
30 LIFO 
30 FIFO 

N QD 
30 SVF 
3 0 LIFO 
30 FIFO 

N QD 
30 SVF 
30 LIFO 
30 FIFO 
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